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Abstract 
The geographic distribution of a species represents its ecological niche and spatial variability in 
fitness. A species’ fitness peaks where the environment and biotic interactions provide optimal 
conditions for a given combination of traits and ebbs as the conditions become less suitable. As such, 
spatial differences in trait expression provide a framework on which species range dynamics can be 
evaluated. Over time, the boundaries of species ranges can undergo expansions, contractions, and 
shifts. The labile nature of species ranges has been attributed to the spatial tracking and/or changes in 
the extent of niche space. The ability of a species to track and/or modify its niche is strongly 
determined by the degree and rate of climate change. While some species may track their 
environmental niches, many others are likely to suffer local/regional extirpations since their ability 
to track or modify species characteristics to changing conditions lags behind the rates of climate 
change. At present, even the most rudimentary information on spatial variations in species traits and 
fitness is lacking for many taxon groups. In addition, current research is heavily focused on species 
range cores, with range dynamics under climate change in peripheral regions remaining 
underexplored.  
 
In this thesis, I focus on scleractinian corals as study organisms. Scleractinian corals form a pivotal 
taxon group that sustains reef ecosystem diversity, show historical and contemporary shifts in species 
ranges, and are under substantial threat from changing climatic conditions. I recognise substantial 
data gaps in the global repository of coral traits, use statistical modelling to quantify the risk involved 
in using sparse trait datasets, and introduce a phylogeny-informed imputation approach to reduce 
inferential errors relevant to range dynamics research (Chapter 2). I then examine the spatial variation 
in taxon-specific environmental suitability and habitat degradation under climate change (Chapter 3). 
I further assess if and how taxonomic variability in response to environmental disturbances is likely 
to change range dynamics (Chapter 4). 
 
The raw material to examine the linkage between spatial variability in species-specific biological 
features and range dynamics was gathered from various sources, including literature records of coral 
distribution and trait information from the global Coral Trait Database. The compiled dataset 
highlighted that trait information for numerous taxa was missing. This was mainly due to trait 
information being collated from field observations or via experiments, which by nature could not 
cover the geographic extent of all coral taxa. Past studies handled such data gaps by removing missing 
information. However, several studies cautioned that omission of missing data could result in 
misinterpretation of ecological patterns. In order to overcome this limitation, I applied a phylogeny-
informed imputation approach to estimate expected values for missing trait modalities or expressions 
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(Chapter 2). The resulting publication shows that a big obstacle in accurate prediction of large-scale 
ecological patterns is data gaps in global trait datasets and provides a novel approach to reduce 
inferential errors in ecological studies. 
 
Using distributions of scleractinian species and environmental conditions in which each species 
occurs, I quantified the breadth of niche space for scleractinian species that occur in eastern Australia 
(Chapter 3). Overall, the size and centroid location of niche space differed widely among taxa. Using 
a multivariate characterisation of environmental conditions and ocean warming simulations, I also 
show that warming ocean impairs the environmental suitability of eastern Australia for many resident 
corals. 
 
Finally, I examined the implications of taxonomic variability in response to environmental 
disturbances for assemblage structure, and how taxonomic variability in disturbance sensitivity might 
lead to potential changes in species ranges (Chapter 4). Using an extensive bleaching survey dataset 
from eastern Australia, I compared the severity of stress response among scleractinian corals, 
exhibited as coral bleaching, and investigated if environmental differences were linked to the variable 
responses of abundant genera in the region. The five most abundant genera in the region differed in 
overall bleaching severity. Two of the genera, Pocillopora and Porites, suffered severe bleaching, 
while Acropora, Goniastrea, and Turbinaria were much less affected. Overall, Turbinaria became 
increasingly dominant in the assemblage structure with reduced per capita bleaching toward higher 
latitudes (winner). In contrast, bleaching impact on each individual increased with latitude for 
Pocillopora (loser). Severe bleaching seen among two abundant genera, Pocillopora and Porites, is 
particularly concerning as they contain species endemic to the region, or less abundant on tropical 
reefs. 
 
Together, this thesis provides crucial insights into the factors that determine species range boundaries 
for scleractinian corals, and how these are likely to be altered under climate change. The taxonomic 
variability in the degradation of habitat quality and sensitivity to recurrent disturbance events found 
in this thesis implies that coral assemblages will become increasingly non-analogous to the 
contemporary configurations. 
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Chapter 1 : General Introduction 
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Species are not equally distributed in space. They are more abundant or rarer at some locations within 
their geographic ranges than others, and their ranges eventually terminate at locations in which species’ 
net death rates exceed their net birth rates (reviewed in Sagarin & Gaines 2002; Sagarin et al. 2006; 
Sexton et al. 2009). The determinants of species’ birth and death rates, and consequent patterns of 
abundance distribution have received much attention in the literature as the geographic distribution of 
species abundances underpins central themes in ecology from identification of environmental 
determinants of species range limits and community assembly, to the prediction of species’ responses to 
climate change (e.g. Gaston & Blackburn 2003; McGill & Collins 2003; Lennon & Locey 2017). 
Previous studies have emphasised that environmental tolerance limits, competitive capacity in biotic 
interactions, and dispersal ability for population maintenance are major characteristics that regulate 
species ranges and abundance distributions therein, and that these characteristics vary widely among 
species (Sexton et al. 2009). While previous work has provided crucial insights into the factors that 
govern species range limits and abundance patterns, climate change and anthropogenic impacts portend 
dramatic impairments of the overall environmental suitability of ecosystems for many species. Predicted 
subsequent changes in species range dynamics highlight substantial taxonomic differences in the degree 
of range modifications and emphasise the urgent need to expand our understanding of current species 
abundance patterns and species-specific responses to climate change for more taxonomic groups (Chase 
& Leibold 2003; Pearson & Dawson 2003; Araujo & Guisan 2006; Hobbs et al. 2018). 
 
1.1 Coral reefs under threat 
Coral reefs are home to a high diversity of marine organisms (Reaka-Kudla 1997) and provide critical 
resources and ecosystem services that sustain numerous coastal communities (Hughes et al. 2007). 
However, coral reefs are experiencing significant modifications around the globe in response to 
anthropogenic impacts and recurrent disturbance events (Pandolfi et al. 2003; Carpenter et al. 2008; 
De’ath et al. 2012; Hughes et al. 2017; Hughes et al. 2018). The present changes in climatic conditions 
and the frequency of disturbance events potentially exceed the regenerative capacity of coral reef 
ecosystems and may lead to reef-scale extirpations (Hoegh-Guldberg et al. 2007). For example, coral 
reef-associated fish communities exhibit substantial reductions in taxonomic and functional diversity 
following climate change-induced loss of corals (Graham et al. 2006; Wilson et al. 2006). In addition, 
climate change impairs physiological processes that maintain population fitness for coral reef-associated 
benthic macroinvertebrates and reduces their overall survivorship (Przeslawski et al. 2008). The 
vulnerability of reef-building corals to climate change-driven disturbance events is particularly 
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concerning because reef corals create complex habitat structures that support the coral reef ecosystems 
(Done 1992; Done et al. 1996). Some predict that, with business as usual, many corals will suffer 
extirpation (Carpenter et al. 2008), whereas others forecast that taxonomic and geographic variability in 
biological responses and resilience of corals to climate change provides coral reef ecosystems some 
capacity to persist, albeit as very much altered entities, under climate change (Pandolfi et al. 2011; 
Graham et al. 2014; García Molinos et al. 2015; Pandolfi 2015). 
 
Geological records indicate that tropical corals shifted their geographic ranges toward higher latitudes 
during unfavourable climatic events (Greenstein & Pandolfi 2008; Pickett 2008; Kiessling et al. 2012). 
Contemporary data echo this pattern and suggest that poleward range expansions of corals are already 
common under presently warming environmental conditions. In southern Korea and eastern Japan, reef-
building coral populations have been observed at record-high latitudes (34°N; Yamano et al. 2011; Denis 
et al. 2013). New reef coral populations have also been reported in eastern (Baird et al. 2012) and western 
Australia (Marsh 1993), and in the Caribbean (Vargas-Angel et al. 2003; Precht & Aronson 2004). 
Thermal-niche tracking of corals is predicted to become more prevalent as subtropical regions become 
increasingly suitable for tropical taxa (Figueira & Booth 2010; Yamano et al. 2011; Sommer et al. 2014). 
While subtropical regions are becoming more habitable for tropical corals, not all subtropical regions 
will provide climate refugia. Some subtropical regions are demographic sinks for tropical corals where 
they exhibit low abundance, narrow geographic range, and a reduced reproductive capacity and fitness 
(Kawecki 2008; Lybolt et al. 2011; Sommer et al. 2014). Where successful, however, population 
expansions of tropical corals into the subtropical region and substantial changes in environmental 
conditions can alter biotic interactions in subtropical coral assemblages and can lead to the loss of 
regional endemics and cosmopolitan species that are rare in the tropics (e.g. Beger et al. 2014; Vergés et 
al. 2014; Vergés et al. 2016; Wernberg et al. 2016), particularly if suitable habitats are unavailable toward 
higher latitudes (Harriott & Banks 2002; Schleyer et al. 2018; but see Booth & Sears 2018; Richards et 
al. 2016).  
 
The success of tropical coral species range expansions into subtropical regions will depend on the 
suitability of species-specific expressions and modalities of biological features to the vastly different 
environmental and physical conditions of the subtropics. For example, corals are exposed to greater 
fluctuations in environmental conditions, such as water temperature and light availability, in the 
subtropics (Campbell & Aarup 1989; Kleypas et al. 1999; Rayner et al. 2006; Malcolm et al. 2011). In 
addition, settlement and growth of coral colonies in the subtropics are constrained by the limited 
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availability of stable substrates (i.e. boulders and sand instead of calcium carbonate reef matrix) and 
chemical conditions that reduce calcification rates (Harriott & Banks 2002; van Hooidonk et al. 2014). 
The spatial variability in environmental and physical conditions evinces particular trait expressions or 
modalities that are beneficial for population maintenance across latitudes and results in trait-mediated 
environmental filtering of coral assemblages. Specifically, corals that can acquire sufficient energy for 
survival under low-light conditions and retain physical stability against frequent wave exposures in the 
subtropics tend to dominate the high-latitude subtropical coral assemblages, for example, in eastern 
Australia and Japan (Sommer et al. 2014; Keith et al. 2015; Mizerek et al. 2016). Current research 
provides crucial knowledge of the differences in selected coral traits and their modalities (Sommer et al. 
2014; Keith et al. 2015; Mizerek et al. 2016). For example, high-latitude corals tend to possess more 
robust morphologies, such as encrusting, tabular, and massive growth forms, and the capacity to survive 
over a greater range of light conditions than tropical corals (Sommer et al. 2014; Mizerek et al. 2016). 
However, these studies are based on comparisons between very few tropical and subtropical coral 
assemblages, highlighting the need for expansion of geographic coverage and number of traits, and 
investigation into the association between environmental parameters and trait expression. Such studies 
are the core of this thesis, and they are essential to understand the generality of the trait-mediated 
environmental filtering found in previous studies and to improve the accuracy of coral range predictions 
under climate change. 
 
In Chapter 2, I aimed to quantify global biogeographic similarities and differences in coral species traits 
and reveal combinations of traits that enhance population maintenance at range cores and peripheries. 
During this work, it became apparent that the compiled coral trait dataset (the Coral Trait Database; 
Madin et al. 2016) needed for such a study contained too many missing data to achieve these goals. 
Resolving the missing data issue not only improves the accuracy of biogeographic descriptions of trait 
expressions, but also enables further analyses relevant for understanding the biogeography of 
scleractinian corals, such as modes and rates of trait evolution. A generalised framework amplifies the 
academic value of the research as it can be used for other disciplines and taxonomic groups. In order to 
overcome the missing data limitations, I apply a phylogeny-informed imputation approach to estimate 
expected values for missing trait entries. For statistical robustness of the approach and generality across 
taxonomic groups, I use extensive simulations instead of utilising the coral trait dataset to quantify the 
danger involved in casual removal of missing data and to assess the performance of a phylogenetic 
imputation approach. Chapter 2 has been recently published as Kim, S.W., Blomberg, S.P. & Pandolfi, 
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J.M., 2018. Transcending data gaps: a framework to reduce inferential errors in ecological analyses. 
Ecology Letters, 21, 1200-1210. 
 
1.2 Range modification strategies under climate change 
Early studies suggested that the patterns of species distribution are determined by spatially variable 
suitability of environmental conditions for population maintenance (i.e. environmental suitability; 
Hengeveld & Haeck 1982; Brown 1984). These studies argued that the geographic range centre provided 
optimal environmental conditions (niche optimum; Fig. 1.1), and environmental suitability was spatially 
autocorrelated so that an increase in geographic distance from the range centre reduced environmental 
suitability and species abundance (peripheral reduction in habitability; Fig. 1.1). This pattern, otherwise 
termed the abundant-centre hypothesis, was once considered a general pattern in ecology (Hengeveld & 
Haeck 1982; Gaston & Blackburn 2003). However, recent empirical studies showed mixed support for 
the abundant-centre hypothesis (Samis & Eckert 2007; Yañez-Arenas et al. 2012; Ren et al. 2013; Dallas 
et al. 2017). A few studies corroborated the positive link between species abundance and environmental 
suitability across species ranges as suggested by the abundant-centre hypothesis (Knouft & Anthony 
2016). In contrast, other studies revealed that locations of the geographic range centre and environmental 
optimum did not match (Yañez-Arenas et al. 2012; Pironon et al. 2015; Santini et al. 2018; Dallas et al. 
2017) and emphasised that habitability across geographic range varied widely among taxa (Murphy et 
al. 2006; Fuller et al. 2009; Freeman & Beehler 2018).  
 
Climate change is rapidly modifying environmental conditions of current ecosystems and is expected to 
cause substantial shifts in species distributions (Sala et al. 2000; Parmesan & Yohe 2003; Cheung et al. 
2009; Butchart et al. 2010). Population shifts and extirpations are becoming increasingly common, with 
critical taxonomic variability in range modification strategies to minimise population loss (Parmesan 
2006; Sagarin et al. 2006; Sexton et al. 2009; Poloczanska et al. 2013; García Molinos et al. 2015; Pecl 
et al. 2017). Fundamental to predicting changes in species distributions is an understanding of 
environmental conditions that each species can persist within, to characterise environmental niche spaces 
for the species and to compare these environmental niche spaces to predicted changes in environmental 
conditions. However, current research exhibits a strong taxonomic bias, and only few studies feature 
marine taxa (Sagarin & Gaines 2002; Dallas et al. 2017). In addition, predicted modifications in species 
distribution patterns and the stability of species range limits in response to climate change necessitates 
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further research effort to evaluate potential changes in environmental suitability of current habitats under 
climate change (Parmesan 2006; Loarie et al. 2008; Sexton et al. 2009). 
 
In Chapter 3, I quantify the extent to which environmental niche spaces vary among scleractinian corals 
that occur on the east coast of Australia and investigate the factors that cause taxonomic variability in 
the characteristics of environmental niche spaces. Further, I examine the change in environmental 
suitability of current habitats under various climate change scenarios. 
 
 
 
Figure 1.1. Theoretical species abundance distribution and niche space according to the abundant-centre 
hypothesis. The fundamental niche, bounded solely by environmental conditions, represents the 
theoretical maximum extent of a species range (red curve). The fundamental niche is however reduced 
by biotic interactions and other scenopoetic variables, and the observed species range is limited to a 
subset of the fundamental niche (grey curve). The abundant-centre hypothesis posits that environmental 
conditions are optimal for population maintenance at the centre of a species range or niche (designated 
as niche optimum). Species are most abundant under these conditions, and their abundances and 
habitability of niche diminish away from the centre (designated as peripheral reduction in habitability). 
 
1.3 Climate change-driven disturbance events and species range dynamics 
Understanding ecosystem- and species-specific factors that lead to variability in species abundance is 
crucial to identifying the conditions in which species can maintain populations and is particularly relevant 
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as climate change rapidly undermines habitability of ecosystems for many species (Chase & Leibold 
2003; Pearson & Dawson 2003; Araujo & Guisan 2006). A reduction in habitability of ecosystems for 
many species is expected to redistribute current species abundance patterns around the globe (Parmesan 
2006; Sexton et al. 2009). Some species will shift their geographic ranges to avoid environmental 
conditions that likely lead to acute physiological responses and mortality (Thomas & Lennon 1999; van 
Herk et al. 2002; Whitfield et al. 2007; Moritz et al. 2008; Chen et al. 2009; Johnson et al. 2011; Last et 
al. 2011; Pinsky et al. 2013; García Molinos et al. 2015; Lenoir & Svenning 2015). In contrast, others 
that fail to track environmental conditions in which they can maintain population size or acclimate to 
new environmental conditions may suffer substantial population declines (Parmesan 2006; Jackson & 
Sax 2010; Hobbs et al. 2018). The variability in species’ abilities to track the rate and direction of 
movement in suitable environmental conditions and/or expand their environmental niches is likely to 
drive the reorganisation of community compositions on a global scale. This research direction is 
particularly pertinent today as a better understanding of species range dynamics enables us to predict 
how communities and ecosystems are likely to fare under changing climatic conditions (Parmesan 2006; 
Poloczanska et al. 2013; Hobbs et al. 2018). 
 
In addition to the predicted global redistribution of species, climate change inevitably increases the 
frequency, severity, and geographic footprint of environmental anomalies (Karl & Trenberth 2003; 
Meehl & Tebaldi 2004; Coumou et al. 2013). The impact of environmental anomalies, such as heat waves 
and intense precipitation events, is conventionally enumerated in terms of the adverse consequences on 
affected species. However, responses to disturbance events are often taxon-specific and lead to the 
distinction between disturbance resistant and susceptible species (Baskin 1998; McKinney & Lockwood 
1999; Clavel et al. 2011). Data from both the geological record and modern ecosystems highlight that 
‘winner’ species undergo population shifts or expansions, while ‘loser’ species experience range 
contractions or extinctions (Erwin 1998; Jackson et al. 2005). Modern records also show that taxa with 
more restricted environmental and ecological niche spaces (specialists) are likely to suffer greater 
impacts from disturbance events than widely distributed species with broader environmental tolerance 
(generalists; Plants: Rooney et al. 2004; Fish: Munday 2004; Birds: Julliard et al. 2006; Mammals: Fisher 
et al. 2003). Such asymmetry in the effect of disturbance events on species ranges between winners and 
losers can homogenise community composition over a large area and substantially undermine the 
functioning of ecosystems (McKinney & Lockwood 1999; Clavel et al. 2011). Nonetheless, current 
research on disturbance responses to unprecedented environmental anomalies is geographically skewed 
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toward species range cores, and disturbance responses in marginal ecosystems and range peripheries are 
frequently overlooked (Hijmans & Graham 2006; Pyšek et al. 2008; Seebacher et al. 2015). 
 
In Chapter 4, I measure environmental disturbance responses of coral taxa in the tropical-to-temperate 
transition zone along eastern Australia. I specifically examine how taxonomic variability in disturbance 
responses can lead to potential changes in species range dynamics and assemblage compositions under 
climate change. While this region is located at range peripheries for many tropical corals, where they are 
exposed to marginal environmental conditions, it also harbours several subtropical and endemic species 
that may be adapted to regional conditions (Harriott & Banks 2002; Dalton & Roff 2013; Schmidt-Roach 
et al. 2013; Sommer et al. 2014; Baird et al. 2017). This region may also serve as a climate refugia for 
tropical corals in warming oceans (Beger et al. 2014). Investigation into the disturbance response of 
corals inhabiting this region is thus important to predict potential modifications of species ranges in 
response to climate change-driven disturbance events, such as range contractions of ‘losers’ and 
proliferation of ‘winners.’ Chapter 4 is currently under review as Kim, S.W., Sampayo, E.M., Sims, C.A., 
Sommer, B., Gómez-Cabrera, M., Dalton, S.J., Beger, M., Malcolm, H.A., Ferrari, R., Fraser, N., 
Figueira, W., Smith, S.D.A., Heron, S.F., Baird, A.H., Byrne, M., Eakin, C.M., Edgar, R., Hughes, H.P., 
Kyriacou, N., Liu, G., Matis, P.A., Skirving, W.J., Pandolfi, J.M., Under Review. Winners and losers of 
coral bleaching in subtropical assemblages. Global Change Biology. 
 
Together, the findings of this thesis provide novel environmental and ecological insights into the factors 
that set limits to coral species ranges and how these are likely to be affected by climate change. These 
findings highlight groups of corals particularly vulnerable to climate change impacts and produce 
projections of range modification for corals inhabiting eastern Australia. Importantly, themes that I tackle 
in each chapter of this thesis have general relevance and can be applied to other taxonomic groups that 
will provide knowledge of potential changes in global biogeography. 
  
 9 
References 
Araujo, M.B. & Guisan, A., 2006. Five (or so) challenges for species distribution modelling. Journal of 
Biogeography, 33, 1677–1688. 
Baird, A.H., Sommer, B. & Madin, J.S., 2012. Pole-ward range expansion of Acropora spp. along the 
east coast of Australia. Coral Reefs, 31, 1063–1063. 
Baird, A.H., Hoogenboom, M.O. & Huang, D., 2017. Cyphastrea salae, a new species of hard coral from 
Lord Howe Island, Australia (Scleractinia, Merulinidae). ZooKeys, 662, 49–66. 
Baskin, Y., 1998. Winners and losers in a changing world. BioScience, 48, 788–792. 
Beger, M. et al., 2014. Conserving potential coral reef refuges at high latitudes. Diversity and 
Distributions, 20, 245–257. 
Booth, D.J. & Sear, J., 2018. Coral expansion in Sydney and associated coral-reef fishes. Coral Reefs, 
37, 995. 
Brown, J.H., 1984. On the relationship between abundance and distribution of species. American 
Naturalist, 124, 255–279. 
Butchart, S. H. M. et al., 2010. Global biodiversity: indicators of recent declines. Science, 1187512. 
Campbell, J.W. & Aarup, T., 1989. Photosynthetically available radiation at high latitudes. Limnology 
and Oceanography, 34, 1490–1499. 
Carpenter, K.E. et al., 2008. One-third of reef-building corals face elevated extinction risk from climate 
change and local impacts. Science, 321, 560–563. 
Chase, J.M. & Leibold, M.A., 2003. Ecological niches: linking classical and contemporary approaches, 
University of Chicago Press. 
Chen, I.-C. et al., 2009. Elevation increases in moth assemblages over 42 years on a tropical mountain. 
Proceedings of the National Academy of Sciences of the United States of America, 106, 1479–
1483. 
Cheung, W.W.L. et al., 2009. Projecting global marine biodiversity impacts under climate change 
scenarios. Fish and Fisheries, 10, 235–251. 
Clavel, J., Julliard, R. & Devictor, V., 2011. Worldwide decline of specialist species: toward a global 
functional homogenization? Frontiers in Ecology and the Environment, 9, 222–228. 
Coumou, D., Robinson, A. & Rahmstorf, S., 2013. Global increase in record-breaking monthly-mean 
temperatures. Climatic Change, 118, 771–782. 
Dallas, T., Decker, R.R. & Hastings, A., 2017. Species are not most abundant in the centre of their 
geographic range or climatic niche. Ecology Letters, 20, 1526–1533. 
 10 
Dalton, S.J. & Roff, G., 2013. Spatial and temporal patterns of eastern Australia subtropical coral 
communities. PLoS One, 8, e75873. 
Denis, V. et al., 2013. Alveopora japonica beds thriving under kelp. Coral Reefs, 32, 503. 
De’ath, G. et al., 2012. The 27-year decline of coral cover on the Great Barrier Reef and its causes. 
Proceedings of the National Academy of Sciences of the United States of America, 109, 17995–
17999. 
Done, T.J., 1992. Phase shifts in coral reef communities and their ecological significance. Hydrobiologia, 
247, 121–132. 
Done, T.J. et al., 1996. Diversity and ecosystem function of coral reefs. In H. A. Mooney et al., eds. 
Functional Roles of Biodiversity a Global Perspective. Wiley, New York, 393–429. 
Erwin, D.H., 1998. The end and the beginning: recoveries from mass extinctions. Trends in Ecology and 
Evolution, 13, 344–349. 
Figueira, W.F. & Booth, D.J., 2010. Increasing ocean temperatures allow tropical fishes to survive 
overwinter in temperate waters. Global Change Biology, 16, 506–516. 
Fisher, D.O., Blomberg, S.P. & Owens, I.P.F., 2003. Extrinsic versus intrinsic factors in the decline and 
extinction of Australian marsupials. Proceedings of the Royal Society B: Biological Sciences, 270, 
1801–1808. 
Freeman, B.G. & Beehler, B.M., 2018. Limited support for the “abundant centre” hypothesis in birds 
along a tropical elevational gradient: implications for the fate of lowland tropical species in a 
warmer future. Journal of Biogeography, 45, 1884–1895. 
Fuller, H.L., Harcourt, A.H. & Parks, S.A., 2009. Does the population density of primate species decline 
from centre to edge of their geographic ranges? Journal of Tropical Ecology, 25, 387–392. 
García Molinos, J. et al., 2015. Climate velocity and the future global redistribution of marine 
biodiversity. Nature Climate Change, 6, 83–88. 
Gaston, K.J. & Blackburn, T.M., 2003. Dispersal and the interspecific abundance-occupancy relationship 
in British birds. Global Ecology and Biogeography, 12, 373–379. 
Graham, N.A.J. et al., 2006. Dynamic fragility of oceanic coral reef ecosystems. Proceedings of the 
National Academy of Sciences of the United States of America, 103, 8425–8429. 
Graham, N.A.J. et al., 2014. Coral reefs as novel ecosystems: embracing new futures. Current Opinion 
in Environmental Sustainability, 7, 9–14. 
Greenstein, B.J. & Pandolfi, J.M., 2008. Escaping the heat: range shifts of reef coral taxa in coastal 
Western Australia. Global Change Biology, 14, 513–528. 
 11 
Harriott, V.J. & Banks, S.A., 2002. Latitudinal variation in coral communities in eastern Australia: a 
qualitative biophysical model of factors regulating coral reefs. Coral Reefs, 21, 83–94. 
Hengeveld, R. & Haeck, J., 1982. The distribution of abundance. I. Measurements. Journal of 
Biogeography, 9, 303–316. 
Hijmans, R.J. & Graham, C.H., 2006. The ability of climate envelope models to predict the effect of 
climate change on species distributions. Global Change Biology, 12, 2272–2281. 
Hobbs, R.J. et al., 2018. Movers and stayers: novel assemblages in changing environments. Trends in 
Ecology and Evolution, 33, 116–128. 
Hoegh-Guldberg, O. et al., 2007. Coral reefs under rapid climate change and ocean acidification. Science, 
318, 1737–1742. 
Hughes, T.P. et al., 2007. Adaptive management of the Great Barrier Reef and the Grand Canyon world 
heritage areas. Ambio, 36, 586–592. 
Hughes, T.P. et al., 2017. Global warming and recurrent mass bleaching of corals. Nature, 543, 373–377. 
Hughes, T.P. et al., 2018. Global warming transforms coral reef assemblages. Nature, 556, 492–496. 
Jackson, S.T. & Sax, D.F., 2010. Balancing biodiversity in a changing environment: extinction debt, 
immigration credit and species turnover. Trends in Ecology and Evolution, 25, 153–160. 
Jackson, S.T. et al., 2005. A 40,000-year woodrat-midden record of vegetational and biogeographical 
dynamics in north-eastern Utah, USA. Journal of Biogeography, 32, 1085–1106. 
Johnson, C.R. et al., 2011. Climate change cascades: shifts in oceanography, species' ranges and subtidal 
marine community dynamics in eastern Tasmania. Journal of Experimental Marine Biology and 
Ecology, 400, 17–32. 
Julliard, R. et al., 2006. Spatial segregation of specialists and generalists in bird communities. Ecology 
Letters, 9, 1237–1244. 
Karl, T.R. & Trenberth, K.E., 2003. Modern global climate change. Science, 302, 1719–1723. 
Kawecki, T.J., 2008. Adaptation to marginal habitats. Annual Review of Ecology, Evolution, and 
Systematics, 39, 321–342. 
Keith, S.A. et al., 2015. Differential establishment potential of species predicts a shift in coral assemblage 
structure across a biogeographic barrier. Ecography, 38, 1225–1234. 
Kiessling, W. et al., 2012. Equatorial decline of reef corals during the last Pleistocene interglacial. 
Proceedings of the National Academy of Sciences of the United States of America, 109, 21378–
21383. 
Kleypas, J.A., McManus, J.W. & Meñez, L.A.B., 1999. Environmental limits to coral reef development: 
where do we draw the line? American Zoologist, 39, 146–159. 
 12 
Knouft, J.H. & Anthony, M.M., 2016. Climate and local abundance in freshwater fishes. Royal Society 
Open Science, 3, 160093. 
Last, P.R. et al., 2011. Long-term shifts in abundance and distribution of a temperate fish fauna: a 
response to climate change and fishing practices. Global Ecology and Biogeography, 20, 58–72. 
Lennon, J.T. & Locey, K.J., 2017. Macroecology for microbiology. Environmental Microbiology 
Reports, 9, 38–40. 
Lenoir, J. & Svenning, J.C., 2015. Climate-related range shifts – a global multidimensional synthesis and 
new research directions. Ecography, 38, 15–28. 
Loarie, S.R. et al., 2008. Climate change and the future of California's endemic flora. PLoS One, 3, 
e2502. 
Lybolt, M. et al., 2011. Instability in a marginal coral reef: the shift from natural variability to a human-
dominated seascape. Frontiers in Ecology and the Environment, 9, 154–160. 
Madin, J.S. et al., 2016. A trait-based approach to advance coral reef science. Trends in Ecology and 
Evolution, 31, 419–428. 
Malcolm, H.A. et al., 2011. Variation in sea temperature and the East Australian Current in the Solitary 
Islands region between 2001–2008. Deep Sea Research Part II: Topical Studies in Oceanography, 
58, 616–627. 
Marsh, L.M., 1993. The occurrence and growth of Acropora in extra-tropical waters off Perth, Western 
Australia. Proceedings of the third International Coral Reef Symposium, 2, 1233–1238. 
McGill, B. & Collins, C., 2003. A unified theory for macroecology based on spatial patterns of 
abundance. Evolutionary Ecology Research, 5, 469–492. 
McKinney, M. & Lockwood, J., 1999. Biotic homogenization: a few winners replacing many losers in 
the next mass extinction. Trends in Ecology and Evolution, 14, 450–453. 
Meehl, G.A. & Tebaldi, C., 2004. More intense, more frequent, and longer lasting heat waves in the 21st 
century. Science, 305, 994–997. 
Mizerek, T.L. et al., 2016. Environmental tolerance governs the presence of reef corals at latitudes 
beyond reef growth. Global Ecology and Biogeography, 25, 979–987. 
Moritz, C. et al., 2008. Impact of a century of climate change on small-mammal communities in Yosemite 
National Park, USA. Science, 322, 261–264. 
Munday, P.L., 2004. Habitat loss, resource specialization, and extinction on coral reefs. Global Change 
Biology, 10, 1642–1647. 
Murphy, H.T., VanDerWal, J. & Doust, J.L., 2006. Distribution of abundance across the range in eastern 
North American trees. Global Ecology and Biogeography, 15, 63–71. 
 13 
Pandolfi, J.M. et al., 2003. Global trajectories of the long-term decline of coral reef ecosystems. Science, 
301, 955–958. 
Pandolfi, J.M. et al., 2011. Projecting coral reef futures under global warming and ocean acidification. 
Science, 333, 418–422. 
Pandolfi, J.M., 2015. Incorporating uncertainty in predicting the future response of coral reefs to climate 
change. Annual Review of Ecology, Evolution, and Systematics, 46, 281–303. 
Parmesan, C., & Yohe, G., 2003. A globally coherent fingerprint of climate change impacts across natural 
systems. Nature, 421, 37–42. 
Parmesan, C., 2006. Ecological and evolutionary responses to recent climate change. Annual Review of 
Ecology, Evolution, and Systematics, 37, 637–669. 
Pearson, R.G. & Dawson, T.P., 2003. Predicting the impacts of climate change on the distribution of 
species: are bioclimate envelope models useful? Global Ecology and Biogeography, 12, 361–371. 
Pecl, G.T. et al., 2017. Biodiversity redistribution under climate change: impacts on ecosystems and 
human well-being. Science, 355, eaai9214. 
Pickett, J., 2008. A late Pleistocene coral fauna from Evans Head, N.S.W. Alcheringa: An Australasian 
Journal of Palaeontology, 5, 71–83. 
Pinsky, M.L. et al., 2013. Marine taxa track local climate velocities. Science, 341, 1239–1242. 
Pironon, S. et al., 2015. Do geographic, climatic or historical ranges differentiate the performance of 
central versus peripheral populations? Global Ecology and Biogeography, 24, 611–620. 
Poloczanska, E.S. et al., 2013. Global imprint of climate change on marine life. Nature Climate Change, 
3, 919–925. 
Precht, W.F. & Aronson, R.B., 2004. Climate flickers and range shifts of reef corals. Frontiers in Ecology 
and the Environment, 2, 307–314. 
Przeslawski, R. et al., 2008. Beyond corals and fish: the effects of climate change on noncoral benthic 
invertebrates of tropical reefs. Global Change Biology, 14, 2773–2795. 
Pyšek, P. et al., 2008. Geographical and taxonomic biases in invasion ecology. Trends in Ecology and 
Evolution, 23, 237–244. 
Rayner, N.A. et al., 2006. Improved analyses of changes and uncertainties in sea surface temperature 
measured in situ since the mid-nineteenth century: the HadSST2 dataset. Journal of Climate, 19, 
446–469. 
Reaka-Kudla, M.L., 1997. The global biodiversity of coral reefs: a comparison with rain forests. In 
Biodiversity II: understanding and protecting our biological resources. The National Academy of 
Sciences, 83-108. 
 14 
Ren, H. et al., 2013. Geographical range and local abundance of tree species in China. PLoS One, 8, 
e76374. 
Richards, Z., et al., 2016. Marine biodiversity in temperate western Australia: multi-taxon surveys of 
Minden and Roe Reefs. Diversity, 8, 7. 
Rooney, T.P. et al., 2004. Biotic impoverishment and homogenization in unfragmented forest understory 
communities. Conservation Biology, 18, 787–798. 
Sagarin, R.D. & Gaines, S.D., 2002. The “abundant centre” distribution: to what extent is it a 
biogeographical rule? Ecology Letters, 5, 137–147. 
Sagarin, R.D., Gaines, S.D. & Gaylord, B., 2006. Moving beyond assumptions to understand abundance 
distributions across the ranges of species. Trends in Ecology and Evolution, 21, 524–530. 
Sala, O.E. et al., 2000. Global biodiversity scenarios for the year 2100. Science, 287, 1770–1774. 
Samis, K.E. & Eckert, C.G., 2007. Testing the abundant center model using range-wide demographic 
surveys of two coastal dune plants. Ecology, 88, 1747–1758. 
Santini, L. et al., 2018. Addressing common pitfalls does not provide more support to geographical and 
ecological abundant-centre hypotheses. Ecography, 42, 1–10. 
Schleyer, M.H. et al., 2018. What can South African reefs tell us about the future of high-latitude coral 
systems? Marine Pollution Bulletin, 136, 491-507. 
Schmidt-Roach, S. et al., 2013. Assessing hidden species diversity in the coral Pocillopora damicornis 
from Eastern Australia. Coral Reefs, 32, 161–172. 
Seebacher, F., White, C.R. & Franklin, C.E., 2015. Physiological plasticity increases resilience of 
ectothermic animals to climate change. Nature Climate Change, 5, 61–66. 
Sexton, J.P. et al., 2009. Evolution and ecology of species range limits. Annual Review of Ecology, 
Evolution, and Systematics, 40, 415–436. 
Sommer, B. et al., 2014. Trait-mediated environmental filtering drives assembly at biogeographic 
transition zones. Ecology, 95, 1000–1009. 
Thomas, C.D. & Lennon, J.J., 1999. Birds extend their ranges northwards. Nature, 399, 213–213. 
van Herk, C.M., Aptroot, A. & van Dobben, H.F., 2002. Long-term monitoring in the Netherlands 
suggests that lichens respond to global warming. The Lichenologist, 34, 141–154. 
van Hooidonk, R. et al., 2014. Opposite latitudinal gradients in projected ocean acidification and 
bleaching impacts on coral reefs. Global Change Biology, 20, 103–112. 
Vargas-Angel, B., Thomas, J.D. & Hoke, S.M., 2003. High-latitude Acropora cervicornis thickets off 
Fort Lauderdale, Florida, USA. Coral Reefs, 22, 465–473. 
 15 
Vergés, A. et al., 2014. The tropicalization of temperate marine ecosystems: climate-mediated changes 
in herbivory and community phase shifts. Proceedings of the Royal Society B: Biological Sciences, 
281, 20140846. 
Vergés, A. et al., 2016. Long-term empirical evidence of ocean warming leading to tropicalization of fish 
communities, increased herbivory, and loss of kelp. Proceedings of the National Academy of 
Sciences of the United States of America, 113, 13791–13796. 
Wernberg, T. et al., 2016. Climate-driven regime shift of a temperate marine ecosystem. Science, 353, 
169–172. 
Whitfield, S.M. et al., 2007. Amphibian and reptile declines over 35 years at La Selva, Costa Rica. 
Proceedings of the National Academy of Sciences of the United States of America, 104, 8352–
8356. 
Wilson, S.K. et al., 2006. Multiple disturbances and the global degradation of coral reefs: are reef fishes 
at risk or resilient? Global Change Biology, 12, 2220–2234. 
Yamano, H., Sugihara, K. & Nomura, K., 2011. Rapid poleward range expansion of tropical reef corals 
in response to rising sea surface temperatures. Geophysical Research Letters, 38, L04601. 
Yañez-Arenas, C. et al., 2012. Modelling geographic patterns of population density of the white-tailed 
deer in central Mexico by implementing ecological niche theory. Oikos, 121, 2081–2089. 
  
 16 
Chapter 2 : Functional biogeography of scleractinian corals – caveats 
and a framework to reduce inferential errors in ecological analyses 
 
Sun W. Kim1, Simon P. Blomberg2, John M. Pandolfi1 
 
1Australian Research Council Centre of Excellence for Coral Reef Studies, School of Biological 
Sciences, The University of Queensland, St. Lucia QLD 4067 Australia 
2School of Biological Sciences, The University of Queensland, St. Lucia QLD 4067 Australia 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Manuscript published 
Kim, S.W., Blomberg, S.P. & Pandolfi, J.M. (2018). Transcending data gaps: a framework to reduce 
inferential errors in ecological analyses. Ecology Letters, 21, 1200-1210. 
 17 
Abstract 
The analysis of functional diversity has gained increasing importance due to its generality and utility in 
ecology. In particular, patterns in the spatial distribution and temporal change of functional diversity are 
being used to predict locations and functional groups that are immediately vulnerable to global changes. 
A major impediment to the accurate measurement of functional diversity is the pervasiveness of missing 
data in trait datasets. While such prevalent data gaps can engender misleading inferences in functional 
diversity analyses, we currently lack any practical guide to handle missing data in trait datasets. Here, 
we identify significant mismatches between true functional diversity and values derived from datasets 
that contain missing data. We demonstrate that imputing missing data with a phylogeny-informed 
approach reduces the risk of misinterpretation of functional diversity patterns and provides baseline 
information against which central questions in ecology can be evaluated. 
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2.1 Introduction 
Variability in functional traits and their responses to environmental filters provide raw material for a 
variety of research areas from community ecology (McGill et al. 2006) and population ecology (Santini 
et al. 2013), to conservation (Cardillo et al. 2008). In particular, functional diversity is increasingly 
recognised as an important indicator of ecosystem functioning, and the spatial distribution of and 
temporal change in functional diversity are frequently used to identify locations and functional groups 
that are vulnerable to global changes (Díaz & Cabido 2001; Bellwood et al. 2003; Díaz et al. 2007). A 
fundamental challenge in functional diversity analyses is that compilation of trait information of 
numerous taxa on a large geographic scale requires prohibitively extensive fieldwork (Baraloto et al. 
2010; Swenson 2014). Consequently, global trait datasets for many organisms remain sparse (Yoccoz et 
al. 2001; Kéry & Schmid 2004; Roth et al. 2018). This lack of knowledge hampers the accurate 
identification of locations and groups with unique patterns of functional diversity (Kattge et al. 2011; 
González-Suárez et al. 2012; Swenson 2014; Madin et al. 2016). For scleractinian corals, the Coral Trait 
Database provides the most extensive information on species traits (Madin et al. 2016). Notwithstanding 
immense efforts invested in constructing the database, more than half of the database remains data-
deficient (Madin et al. 2016). Despite the pervasiveness of missing values in trait datasets, present tools 
for functional diversity analysis do not provide data gap-filling methods. Instead, listwise deletion of taxa 
with missing data is performed as a default setting (e.g. dbFD function in FD package in R; Laliberté et 
al. 2014). Such reduction in the size of a dataset leads to erroneous or biased inferences (Moorcroft 2006; 
Nakagawa & Freckleton 2008; van Buuren 2012). For trait datasets, a reduction in a dataset undermines 
functional diversity and biogeography analyses (Pakeman 2014; Májeková et al. 2016; Borgy et al. 2017; 
van der Plas et al. 2017). Given the benefits of functional diversity analyses and urgency to utilise their 
applications under rapid global change, a general gap-filling framework relevant across taxonomic 
domains and ecological disciplines is urgently needed to avoid misinterpretation of functional diversity 
patterns (di Marco et al. 2014; Swenson 2014; Madin et al. 2016). 
 
Three numerical treatments can complement arduous, expensive, and time-consuming fieldwork without 
performing listwise deletion of taxa with missing data: single imputation, likelihood-based approaches, 
and multiple imputation (van Buuren 2012; Newman 2014). While previous studies have adopted various 
modifications of the three approaches to tackle the missing data problem, most were limited to 
exclusively numerical approaches without accounting for biological, ecological, or evolutionary features 
of species with missing information; such approaches lack a foundation as to why any particular approach 
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is suitable for trait data (Penone et al. 2014). One of the most fundamental and striking patterns in ecology 
and evolution befits the alternative theoretical framework to purely numerical methods; the resemblance 
in trait expression among closely-related taxa, or strong phylogenetic signal in biological and ecological 
traits, is common across taxonomic domains from microbes, terrestrial plants and mammals, to marine 
invertebrates, and can be implemented in an imputation framework as phylogenetic imputation to 
estimate missing trait values (Blomberg et al. 2003; Donoghue 2008; Cavender-Bares et al. 2009; Baird 
et al. 2009; Harrison 2011; Kerr et al. 2011; Swenson 2011; Martiny et al. 2013; Penone et al. 2014; 
Swenson 2014). Despite the apparent need to avoid listwise deletion of taxa with missing data and 
advantages of phylogenetic imputation, studies using phylogenetic imputation are rare, and the degree to 
which phylogenetic imputation benefits ecological analyses over listwise deletion of taxa with missing 
data remains unexplored. 
 
Here, we test if a trait dataset amended by imputing missing trait data produces a better estimation of 
true functional diversity (FD) than a trait dataset constructed by removing missing data. We investigate 
a suite of scenarios with various patterns in missing data and types of species occurrence data for both 
theoretical generality and relevance to empirical data. We use phylogenetic eigenvector regression 
models (Diniz-Filho et al. 1998; Kühn et al. 2009) as the base model for phylogenetic imputation, with 
the expectation that phylogenetic imputation estimates accurate trait values, and reduces inferential errors 
in subsequent ecological analyses. While it would be ideal to test our hypothesis using available species 
trait databases, such as the Coral Trait Database, we simulate phylogenies and traits because biological 
relevance of imputed trait values can be debatable and imputed trait values cannot be compared to 
unknown trait values. Together, our findings underscore the risk of removing taxa with missing trait 
values in ecological studies. In addition, our approach to estimating expected values for missing trait 
information is relevant across taxonomic domains and ecological disciplines, and provides advances in 
our understanding of biological and ecological traits through transcending pervasive data gaps in current 
trait databases. 
 
2.2 Materials and methods  
2.2.1 Dataset 
We first generated 1000 phylogenetic trees, each with 200 taxa. For each phylogeny, we simulated a total 
of six traits, comprising three continuous and three discrete traits. To avoid using phylogenies with the 
same tempo and mode of evolution for the phylogenetic relationship among taxa and trait simulations, 
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we rescaled the generated phylogenies for each trait using the delta model of trait evolution prior to trait 
simulation (Pagel 1999). Continuous traits were simulated with a rejection sampling algorithm to exhibit 
a gradient of phylogenetic signals in traits. Discrete traits were binary, and were simulated using a 
Markov model with randomly variable transition probabilities between binary states to achieve a gradient 
of phylogenetic signals in traits (Paradis et al. 2004).  
 
We selected Blomberg’s K to measure phylogenetic signal in continuous traits. Blomberg’s K is a scaled 
ratio of the variance among observed trait values over the variance among expected trait values 
(Blomberg et al. 2003). K values can range from 0 to infinity; K=0 indicates no phylogenetic signal; K=1 
suggests that the trait evolved as expected under Brownian Motion; 0<K<1 indicates that trait values 
among closely-related species are less similar than expected under Brownian Motion; K>1 suggests that 
trait values among closely-related species are more similar than expected under Brownian Motion. For 
discrete traits, we adopted a phylogenetic signal metric for binary traits, D, from Fritz and Purvis (2010). 
D is a scaled ratio of the observed sum of state differences between sister clades over the mean 
expectations from a model with stochastic distribution of binary traits across a phylogeny. D is not limited 
by a range boundary; D=0 indicates that the trait is conserved as expected under Brownian Motion; more 
negative D values suggest stronger phylogenetic signals; more positive D values indicate weaker 
phylogenetic signals. We report the additive inverse of D values in results and figures to render the 
inferences of D value boundaries analogous to those of K. Phylogeny and trait data were simulated using 
‘ape’ (Paradis et al. 2004), ‘caper’ (Orme et al. 2013), ‘geiger’ (Harmon et al. 2008), and ‘phytools’ 
(Revell 2012) packages in R (R Core Team 2017). 
 
For species occurrence data, we generated two sets of 30 communities for all simulated trait data 
replicates. Each community harboured a random subset of the species pool available in the phylogenetic 
tree. The first set of simulated communities included species presence-absence data, whereas the second 
set of simulated communities contained log-normally distributed species abundance information. Each 
community was simulated independently to avoid multicollinearity in species occurrence among 
communities. 
 
2.2.2 Sources of error in functional diversity measurements 
Functional diversity measurements can be compromised by missing entries in species trait or occurrence 
data. In empirical data, the availability of trait information is often systematically biased; missing data 
are more common among both rare taxa and taxa with particular trait expressions (Yoccoz et al. 2001; 
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Kéry & Schmid 2004; González-Suárez et al. 2012; Sandel et al. 2015; Roth et al. 2018). Therefore, we 
first identified 5 to 15 percent of taxa, in increments of 5 percent, that represented locally rare (low local 
population size) and geographically restricted (limited geographic range) taxa (Rabinowitz 1981), and 
removed their trait values to simulate taxonomic bias in trait measurements. Subsequently, we removed 
an equal proportion of trait entries to simulate measurement bias in trait data (Sandel et al. 2015). For 
continuous traits, we removed trait entries that exhibited the lowest end of the trait expression spectrum. 
For discrete traits, we first identified a trait expression with lower frequency between the binary states, 
and an equal proportion of entries was randomly removed from the taxa pool with the trait value of lower 
frequency. Consequently, the total proportion of taxa with missing trait entries ranged between 10 and 
30 percent, in increments of 10 percent. For theoretical generality, we also generated datasets where 
missing trait entries were randomly dispersed in trait matrices. The total proportions of taxa with missing 
trait entries in these datasets were greater compared to the abovementioned datasets in which missing 
data were taxonomically-biased because the patterns of missing data were not collinear among the six 
simulated traits. We decided not to generate datasets with over 40 percent of missing information because 
too few taxa with complete trait data remained in trait matrices when missing entries were randomly 
dispersed. In total, we generated 12,000 replicates of species occurrence and trait data. 
 
2.2.3 Phylogenetic imputation 
We selected multiple imputation as the basis for our imputation framework over other approaches 
because multiple imputation resolves overly optimistic standard error ranges associated with other 
imputation methods, such as single imputation and likelihood-based approaches (van Buuren 2012; 
Newman 2014). Among the available multiple imputation methods, multiple imputation by chained 
equations (hereafter ‘MICE’) offers users the flexibility to implement various multiple imputation 
models, resulting in minimal error and bias (Ambler et al. 2007). Here we use MICE with the recursive 
partitioning technique as it effectively handles highly dimensional data with non-linear structures, 
commonly found in trait datasets (Santini et al. 2013; Doove et al. 2014). In addition, MICE with the 
recursive partitioning technique recognises variability in end nodes of regression and classification trees, 
and reflects such variability in the range of imputed estimates (Burgette & Reiter 2010). This property 
allows the incorporation of intraspecific trait variability, which is crucial in evaluating central themes in 
ecology, such as adaptation, acclimation, and biological interactions (Albert et al. 2011; Albert 2015; 
Siefert et al. 2015). Phylogenetic imputation was performed using the recursive partitioning algorithms 
implemented in the ‘randomForest’ and ‘mice’ packages (Liaw & Wiener 2002; van Buuren & 
Groothuis-Oudshoorn 2011) in R (R Core Team 2017). For recursive partitioning, ten decision trees were 
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fitted on randomly drawn samples from the datasets. Each decision tree was iterated 500 times to build 
a Bayesian network, and these procedures were independently replicated five times to produce five 
different imputed datasets for use in the multiple imputation framework. 
 
Phylogenetic information was included in multiple imputation as phylogenetic eigenvectors (Diniz-Filho 
et al. 1998; Kühn et al. 2009; Swenson 2014). Phylogenetic eigenvectors were extracted from principal 
component analyses on pairwise distance matrices generated from the original phylogenetic trees 
including all taxa. To avoid over- and under-fitting of phylogenetic eigenvector regression models, we 
included eigenvectors that represented at least 95% of the variation in the phylogenetic structure of each 
tree. It is important to note that eigenvector regression modelling has been criticised for its inability to 
incorporate all eigenvectors (Rohlf 2001; Freckleton et al. 2011). Phylogenetic eigenvector regression 
modelling is required to exclude a number of eigenvectors in order to leave extra degrees of freedom for 
and account for variance in trait data (Freckleton et al. 2011). Consequently, phylogenetic eigenvector 
regression modelling fails to capture the complete phylogenetic structure, theoretically reducing 
performance of phylogenetic imputation (Swenson 2014). However, empirical studies show no evidence 
that the phylogenetic eigenvector regression approach is devalued for phylogenetic imputation; rather, 
trait value imputation can be effectively achieved using phylogenetic imputation with eigenvectors 
(Penone et al. 2014; Swenson 2014). Previous studies have also included phylogenetic information in the 
form of a taxonomic hierarchy to predict trait values (e.g. BHPMF - Schrodt et al. 2015). While the 
novelty of this approach is uncontroversial, Linnaean hierarchy does not and cannot completely represent 
the true phylogeny (Ereshefsky 2000). In addition, taxonomic polyphyly is common in many species 
groups from bacteria (Gugger & Hoffmann 2004), corals (Luck et al. 2013), fish (Hubert et al. 2012), to 
crabs (Tsang et al. 2018), and this undermines the suitability of this approach as a general phylogenetic 
imputation framework.  
 
The performance of phylogenetic imputation was assessed by measuring effect sizes of the association 
between the original and imputed trait values. Pearson correlation coefficients were computed as the 
measure of association in continuous traits. Cramér’s V was calculated as the measure of association in 
discrete traits. Like other common correlation coefficients, a value closer to 1 indicates a stronger 
correlation, and a value closer to 0 suggests a weaker correlation for both metrics. Correlation metrics 
were calculated for each trait individually, and mean and standard error values for each trait were 
obtained for each multiple imputation set, resulting in a total of 12,000 sets of coefficient terms for each 
trait. Effects of phylogenetic signal and proportion of missing data on the performance of phylogenetic 
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imputation were assessed with random forest implemented in the ‘randomForest’ package (Liaw & 
Wiener 2002) and using linear mixed-effects model in the ‘nlme’ package (Pinheiro et al. 2017) in R (R 
Core Team 2017). 
 
2.2.4 Functional biogeography simulation 
We analysed functional diversity (FD) of simulated communities using widely-used FD metrics: 
functional richness (FRic; Villéger et al. 2008), functional evenness (FEve; Villéger et al. 2008), 
functional divergence (FDiv; Villéger et al. 2008), functional dispersion (FDis; Laliberté & Legendre 
2010), and Rao’s quadratic entropy (RaoQ; Rao 1982; Botta-Dukát 2005). We computed FD metrics for 
the generated communities using the complete, imputed, and missing-data-removed (i.e. listwise deletion 
of taxa with missing data, hereafter ‘deleted’) datasets. We also measured functional uniqueness (Violle 
et al. 2017) of each taxon in each occurrence replicate, and evaluated how loss of functional uniqueness 
from taxa with missing information contributes to error in functional diversity analyses. FD and 
functional uniqueness metrics were calculated using the ‘FD’ (Laliberté et al. 2014) and ‘funrar’ (Grenié 
et al. 2017) packages in R (R Core Team 2017). Dissimilarity matrices, and ANOSIM and 
PERMANOVA statistics were computed using the ‘vegan’ package (Oksanen et al. 2017) in R (R Core 
Team 2017). We used a parallelised version of the dbFD function (See Supporting Information).  
 
The absolute values of FD metrics may highlight potential issues of a particular data manipulation 
practice, yet provide little ecological information (Taugourdeau et al. 2014). In contrast, their rankings 
across communities signify ecological and conservation values of the communities (Díaz et al. 2007; 
Taugourdeau et al. 2014). Therefore, we computed Kendall’s tau rank correlation coefficients between 
complete and imputed, and complete and deleted datasets, and compared their coefficients. A tau value 
of 1 indicates that FD rankings of communities in the complete and analysed datasets are in perfect 
agreement, whereas a tau value of -1 suggests that FD rankings of communities in the complete and 
analysed datasets are a direct inversion of each other. A tau value of 0 implies a lack of association. 
Effects of the FD metric, data manipulation technique, and dataset attributes on the tau coefficient were 
assessed using linear mixed-effects models in R (‘nlme’ package; Pinheiro et al. 2017). Post-hoc and 
linear hypotheses tests were performed using the ‘lsmeans’ (Lenth 2016) and ‘multcomp’ (Hothorn et al. 
2008) packages in R (R Core Team 2017). 
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2.3 Results 
2.3.1 Performance of phylogenetic imputation 
Correlation coefficients between the original and imputed datasets (hereafter ‘performance’) varied 
widely depending on the strength of the phylogenetic signal in traits (Fig. 2.1; Table 2.1). Overall, a 
stronger phylogenetic signal in a trait enhanced performance (Fig. 2.1; Table 2.1), and a higher proportion 
of missing data resulted in an inferior performance (Fig. 2.1; Table 2.1). When both the phylogenetic 
signal and proportion of missing data were accounted for, the effect of phylogenetic signal on 
performance scaled with proportion of missing data (Fig. 2.1; Table 2.1). Mean performance values 
predicted by random forest models were significantly different from the raw performance values (Fig. 
2.1; Table 2.1). Mean performance values predicted by random forest models always exceeded the raw 
values for continuous traits (Table 2.1). The gap between mean performance values predicted by random 
forest models and raw values decreased with an increasing proportion of missing data for discrete traits 
(Table 2.1).  
 
2.3.2 Functional biogeography simulation 
Both similarity statistics R and pseudo-F were lower for the complete and imputed dataset pairs than for 
the complete and deleted dataset pairs (Fig. 2.2; Table 2.2). The dissimilarity between dataset pairs (i.e. 
complete and imputed, and complete and deleted) scaled with an increasing proportion of missing 
information in both types of community data (Fig. 2.2; Table 2.2). This pattern was more pronounced 
when the species occurrence data included presence and absence information (Fig. 2.2; Table 2.2). The 
gap in dissimilarity between dataset pairs was smaller when the distribution of missing entries in trait 
data was concentrated among rare species (Fig. 2.2; Table 2.2). 
 
Overall, Kendall’s tau rank correlation coefficients between the original and deleted/imputed datasets 
(hereafter ‘tau’) varied with the types of FD metric, data manipulation technique, proportion of missing 
data, and presence of systematic bias in trait data (Fig. 2.3; Table 2.3). Tau values uniformly decreased 
with an increasing proportion of missing data (Fig. 2.3; Table 2.3). FD values computed from imputed 
datasets were more similar to those of the complete dataset than FD values calculated from deleted 
datasets, regardless of the type of functional diversity metric (Fig. 2.3; Table 2.3). Community data with 
abundance information produced slightly better estimations of true FD values (Fig. 2.3; Table 2.3). The 
presence of systematic bias in trait data improved the estimation of true FD values for deleted datasets 
(Fig. 2.3; Table 2.3). The effect of systematic bias in trait data waned for imputed datasets (Fig. 2.3; 
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Table 2.3). The accuracy and precision in FD measurements among imputed datasets were only 
marginally improved with the presence of systematic bias in the trait data (Fig. 2.3; Table 2.3). Among 
the FD metrics, FDis and RaoQ values resulted in higher tau values (Fig. 2.3; Table 2.3). Loss of 
functional uniqueness from missing taxa showed mixed results depending on the type of FD metrics (Fig. 
2.4; Table 2.4). The accuracy of FD measurements declined for FRic, and FEve computations when using 
species presence/absence information, with an increase in functional uniqueness loss.  In contrast, FEve 
computed from species abundance information, FDiv, FDis, and RaoQ were all unaffected by the loss of 
functional uniqueness from missing taxa (Fig. 2.4; Table 2.4).  
 
Figure 2.1. Raw and predicted performance of phylogenetic imputation. Performance of phylogenetic 
imputation is assessed by measuring correlation between complete and imputed datasets with varying 
proportions of missing data and strengths of phylogenetic signal: (a) raw and predicted performance of 
phylogenetic imputation for continuous traits, (b) raw and predicted performance of phylogenetic 
imputation for discrete traits. The proportion of missing data here refers to the percentage of missing 
entries in each trait. The degree of stochasticity in the distribution of missing entries is not depicted here. 
Higher Blomberg’s K and additive inverse of D (i.e. -D) values indicate stronger phylogenetic signal. 
Solid lines indicate locally weighted scatterplot smoothing fits of the predicted performance of 
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phylogenetic imputation for each dataset based on random forest models. The shaded areas correspond 
to the 95% confidence interval for the fits.  
 
 
Figure 2.2. Similarity of functional diversity values between and among data manipulation approaches 
with varying types of species occurrence data, degrees of systematic bias in trait data (no systematic bias 
in missing trait values: Neutral, missing trait values among rare species: Biased), and proportion of 
missing data measured by: (a) ANOSIM R statistic, and (b) PERMANOVA pseudo-F statistic. The box 
plots illustrate interquartile ranges of data, and whiskers exhibit the minimum and maximum values not 
exceeding 1.5 times below and above the first and third quartiles (i.e. Tukey’s boxplot). Blue box plots 
indicate results from similarity analyses performed including all data manipulation approaches (i.e. 
original complete datasets, deleted datasets, and imputed datasets). Orange box plots show results from 
similarity analyses conducted including the original complete datasets and deleted datasets. Green box 
plots exhibit results from similarity analyses performed including the original complete datasets and 
imputed datasets. Black dots indicate outliers. Higher R and pseudo-F statistic values suggest less 
resemblance between and among the test datasets.  
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Figure 2.3. Rank correlation between data manipulation approaches with varying types of species 
occurrence data, degrees of systematic bias in trait data, and proportion of missing data for: (a) functional 
richness (Villéger et al. 2008), (b) functional evenness (Villéger et al. 2008), (c) functional divergence 
(Villéger et al. 2008), (d) functional dispersion (Laliberté & Legendre 2010), and (e) Rao’s quadratic 
entropy (Rao 1982; Botta-Dukát 2005). Rank correlations are measured using Kendall’s tau. The box 
plots illustrate interquartile ranges of data, and whiskers exhibit the minimum and maximum values not 
exceeding 1.5 times below and above the first and third quartiles (i.e. Tukey’s boxplot). Blue box plots 
indicate correlation coefficients for functional diversity values computed from datasets whose missing 
trait entries were randomly dispersed. Orange box plots indicate tau for functional diversity values 
calculated from datasets whose missing trait entries were concentrated among the rarest species. Black 
dots indicate outliers. Note the lack of species occurrence treatment for FRic because FRic cannot handle 
species abundance information. 
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Figure 2.4. Rank correlation between data manipulation approaches with distinct types of species 
occurrence data, and mean loss of functional uniqueness from taxa with missing trait entries for: (a) 
functional richness (Villéger et al. 2008), (b) functional evenness (Villéger et al. 2008), (c) functional 
divergence (Villéger et al. 2008), (d) functional dispersion (Laliberté & Legendre 2010), and (e) Rao’s 
quadratic entropy (Rao 1982; Botta-Dukát 2005). Rank correlations are measured using Kendall’s tau. 
The regression lines indicate predicted tau values for a given loss of functional uniqueness based on 
linear mixed-effects model. Only significant relationships are depicted. The shaded areas correspond to 
the standard error for the fits. Note the lack of species occurrence treatment for FRic because FRic cannot 
handle species abundance information. 
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2.4 Discussion 
Global functional diversity analyses are uncommon compared to local and regional-scale studies despite 
the availability of several global trait databases, and even though functional diversity can provide insights 
into a suite of ecosystem features, including ecosystem functioning, ecosystem services, and resilience 
to disturbances and climate change (Walker et al. 1999; Díaz et al. 2007; Roscher et al. 2012; Mouillot 
et al. 2013a). This may well be a function of a fundamental lack of agreement in the literature as to 
whether global trait databases contain an appropriate amount of information for accurate functional 
diversity measurements. Missing information plagues trait databases (Kattge et al. 2011; González-
Suárez et al. 2012; Penone et al. 2014; Swenson 2014; Madin et al. 2016), and great caution must be 
exercised in handling missing information because downplaying missing information results in 
misleading projections (Moorcroft 2006; Nakagawa & Freckleton 2008; van Buuren 2012; Purves & 
Pacala 2008; Pakeman 2014; Borgy et al. 2017; van der Plas et al. 2017). Global functional diversity 
analysis is likely to become more accessible when the missing data problem is addressed. 
 
Phylogenetic imputation is a viable solution to estimate missing trait values, especially for traits with a 
strong phylogenetic signal. In particular, our findings suggest that a strong phylogenetic signal in traits 
offsets the crippling effect of an increasing proportion of missing information on the performance of 
phylogenetic imputation (Fig. 2.1; Table 2.1). This is a critical advance over findings from previous 
phylogenetic imputation studies, which were restricted to bivariate associations between the proportion 
of missing data and performance of phylogenetic imputation (Penone et al. 2014), and between the 
strength of the phylogenetic signal and the performance of phylogenetic imputation (Goberna & Verdú 
2016). Our findings also render phylogenetic imputation an attractive alternative to data removal in 
global trait analyses because a strong phylogenetic signal in traits is common across taxa (Cavender-
Bares et al. 2009; Swenson 2011; Martiny et al. 2013; Goberna and Verdú 2016), and supports the notion 
that an appropriate phylogenetic imputation approach can counterbalance the detrimental effects of 
missing trait values in trait databases. Nevertheless, we emphasise that phylogenetic imputation must be 
used with caution.  
 
We foresee two potential misuses of phylogenetic imputation: use of single imputation approaches, and 
the erroneous reduction of multiple imputations to a single imputation framework. Single imputation 
approaches produce the same imputed values every time, and are incapable of providing error associated 
with imputed estimates; therefore, the precision of parameter estimates is overly optimistic (van Buuren 
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2012), and ecological analyses based on single imputation approaches are subject to errors, especially if 
the proportion of missing data in the original dataset is high (e.g. McWilliam et al. 2018), or phylogenetic 
information is incorrect. Multiple imputation resolves this issue by generating multiple different 
estimates for each missing entry, creating multiple distinctive imputed datasets. After analysing each 
imputed dataset separately, parameter estimates are subsequently combined across datasets using Rubin’s 
rules to incorporate both the within and among analysis sources of variation (Rubin 1987). Other 
measures to reduce imputed estimates from multiple imputation (e.g. taking mean/median of imputed 
estimates) defeat the very purpose of multiple imputation, and need to be avoided. It is also important to 
note that multiple imputation assumes that missing data are dispersed randomly in a dataset, or other 
variables in the datasets are associated with the pattern of missing data (van Buuren 2012). A violation 
of these assumptions can reduce the effectiveness of imputation (van Buuren 2012). Missing entries are 
more common among rare species in empirical data. Therefore, for empirical data, species occurrence 
information ought to be included in the dataset to be imputed, so that the probability of missingness can 
be computed based on species occurrence during imputation. 
 
While phylogenetic imputation showed an excellent ability to estimate missing trait values in past studies, 
it was unclear as to whether the degree of error in subsequent ecological analyses based on an imputed 
trait dataset was more or less tolerable than the error stemming from removing records (i.e. taxa) with 
missing information (Penone et al. 2014; Swenson 2014; Taugourdeau et al. 2014). Our results show that 
imputed trait datasets produce better estimations of true FD than datasets that have been constructed by 
deleting records. This finding is attributable to the computational elements of the FD metrics. All FD 
metrics comprise terms associated with species occurrence (presence-absence or abundance) and traits 
of taxa within a community; therefore, the completeness of species occurrence and trait matrices is 
directly linked to the degree of error in FD computations (Rao 1982; Botta-Dukát 2005; Villéger et al. 
2008; Laliberté & Legendre 2010). FD computations based on imputed datasets only suffer errors in 
terms associated with traits because terms associated with species occurrence for imputed datasets are 
identical to those of the complete dataset. Therefore, the degree of error in FD analyses using imputed 
datasets is dictated by the factors that influence the performance of imputation, namely the strength of 
phylogenetic signal in traits of interest, and the proportion of missing data in the trait dataset. On the 
other hand, listwise deletion of taxa with missing data is prone to errors in both species occurrence and 
trait associated terms because taxa without complete trait information are removed and do not contribute 
to both the trait and community data. These errors result in arbitrary FD rankings among communities, 
and weaker rank associations between the true and computed FD values than their imputed counterparts, 
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regardless of dataset attributes. Our findings corroborate and quantify the recommendations against data 
removal in ecological analyses (Ellington et al. 2014; Pakeman 2014). 
 
Our results are particularly important for estimating the suitability of trait databases for global analyses. 
Taxonomic, spatial, and measurement biases are ubiquitous in global trait databases, often heavily 
skewed toward abundant and widespread taxa with a limited range of trait expressions (Yoccoz et al. 
2001; Kéry & Schmid 2004; Swenson 2014; Sandel et al. 2015). Given their low abundance with 
restricted distribution, the consequences of losing rare species have been deemed minimal, and the 
ecological significance of losing rare species has long been overlooked (Grime 1998). However, recent 
findings emphasise that rare species also make significant and unique contributions to functional 
diversity (Mouillot et al. 2013b; Jain et al. 2014; Chapman et al. 2018), and the loss of rare species can 
impair long-term and large-scale ecosystem functioning (Lyons et al. 2005).  
 
Previous studies reported that systematic bias in a dataset compromises ecological analyses, yet 
associations between the degree of systematic bias and the accuracy of FD measurements, and the 
distribution of taxa with missing trait values in trait space and the accuracy of FD measurements, remain 
unexplored (Pakeman 2014; Májeková et al. 2016; Borgy et al. 2017; van der Plas et al. 2017). Our 
results suggest that FD measurements after removing taxa with missing trait values are substantially 
affected by the degree of systematic bias in trait data. This is not surprising because the amount of data 
removed in a listwise deletion of taxa with missing data scales with the degree of stochasticity in the 
distribution of missing entries (van Buuren 2012). In contrast, systematic bias in trait data only caused 
marginal effects on datasets amended by phylogenetic imputation. This attribute renders phylogenetic 
imputation an applicable framework across taxonomic domains as the degree of systematic bias in 
empirical data varies widely between the two extreme scenarios we tested (random placement of missing 
trait values vs. rarest taxa with missing trait values; Kéry & Schmid 2004). While a trend across a wider 
range of loss in functional uniqueness is more desirable, our findings also indicate that non-random 
sampling of rare species in functional space can result in misleading interpretation of functional diversity 
patterns for FRic, and FEve computed with species presence and absence information (Fig. 2.4). Given 
the fact that rare species can support the most unique trait combinations (Mouillot et al. 2013b) and it is 
impossible to gauge functional uniqueness of missing species in empirical data, the use of these metrics 
is more likely to result in erroneous inferences, compared to other FD metrics.  
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 As we have shown, the accuracy of FD measurements is heavily influenced by the completeness of trait 
and species occurrence data. The completeness of trait and species occurrence data is largely dependent 
upon taxonomic and spatial coverage of trait data (Borgy et al. 2017); the difficulty in completing trait 
and species occurrence data escalates with an increase in taxonomic and spatial coverage (MacKenzie et 
al. 2002; Jarzyna & Jetz 2016). Consequently, there must be an inevitable trade-off between taxonomic 
and spatial coverage, and the accuracy of FD measurements (Borgy et al. 2017). The accuracy of FD 
measurements can be improved in two ways: by restricting taxonomic and spatial resolution for the 
completeness of raw trait and spatial data, or by selecting taxonomic and spatial resolutions for optimal 
trait and spatial imputations. Both of these approaches entail compilation of taxa with low proportions 
of missing data, and traits with strong phylogenetic signal at a local or regional spatial scale, to ensure 
the accuracy of imputations and FD measurements (e.g. Ding et al. 2013; Denis et al. 2017). In short, 
functional diversity studies at the global scale are likely to suffer considerable errors with the amount of 
data available in current trait databases. 
 
Orchard and Woodbury (1972) noted that the best method for handling missing data is to have no missing 
data at all. In spite of the apparent advantages of complete datasets, missing data are common in ecology 
and evolution, and perhaps even more prevalent in global trait databases (Nakagawa & Freckleton 2008; 
Kattge et al. 2011; Penone et al. 2014; Swenson 2014; Goberna & Verdú 2016). Reviews across 
disciplines caution against neglecting missing data (cancer research – Burton & Altman 2004; ecology – 
Pakeman 2014; Borgy et al. 2017; van der Plas et al. 2017; epidemiology – Klebanoff & Cole 2008; 
political science – Lall 2016; statistics – Little & Rubin 2002; van Buuren 2012), yet statistical software 
and modules quietly eliminate cases with missing data. Removing taxa with missing trait data is also a 
norm in functional diversity analysis tools (Laliberté et al. 2014). Unfortunately, users are often unaware 
of these features and the statistical dangers arising from such practices (Nakagawa & Freckleton 2008; 
van Buuren 2012; also see an inappropriate use of imputation – McWilliam et al. 2018). Our findings 
indicate that downplaying missing data distorts functional diversity measurements, and results in 
misinterpretation of patterns in functional diversity. While the most preferable solution to the ubiquitous 
problem of missing values in trait databases is to complement current databases with further trait 
measurements, complete trait databases with no missing data are improbable in the near future. 
Alternatively, an appropriate use of phylogenetic imputation provides powerful tools to estimate 
expected values for missing trait data, and the resultant imputed datasets reduce inferential errors in 
functional diversity analyses regardless of systematic bias in trait data. It is evident that functional 
diversity will continue to gain traction because of its perceived generality and ability to expound 
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ecosystem functions (Díaz & Cabido 2001; Bellwood et al. 2004; Hooper et al. 2005). Nevertheless, 
numerous gaps in trait data are conspicuous, and thus stimulated multiple interests in approaches to 
overcome missing data and impact assessments of missing data in ecological analyses (Pakeman 2014; 
Penone et al. 2014; Swenson 2014; Borgy et al. 2017; van der Plas et al. 2017). Here, we have provided 
a unified approach that addresses the risk of removing taxa with missing trait values, and highlights a 
general framework that alleviates ubiquitous missing data problems in ecology. The simplicity, 
generality, and utility of our framework offer a unique avenue for ecological studies across disciplines 
and taxonomic domains to tackle fundamental questions in ecology using trait data. 
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Supporting information 
Table 2.1. Effects of phylogenetic signal, proportion of missing data, and type of trait data on the performance of phylogenetic imputation. The effects 
are assessed using generalised linear mixed model with Gaussian distribution. T values indicate the ratios between estimates and their standard errors.  
Coefficient terms Estimate SE t 
(Intercept) 0.9210224 0.0007028 1310.5105 
Proportion of missing data 20% -0.080786 0.00040275 -200.585 
Proportion of missing data 30% -0.1600728 0.00040275 -397.4478 
Phylogenetic signal in traits 0.02744 0.00046089 59.5375 
Type of trait Discrete 0.0219589 0.00084827 25.8867 
Proportion of missing data 20% X Phylogenetic signal in traits 0.0272964 0.00026412 103.3485 
Proportion of missing data 30% X Phylogenetic signal in traits 0.0521341 0.00026412 197.3883 
Proportion of missing data 20% X Type of trait Discrete 0.021371 0.00048612 43.9625 
Proportion of missing data 30% X Type of trait Discrete 0.0395045 0.00048612 81.265 
Post-hoc test of hypotheses 
Term 1 Term 2 Proportion of missing data Estimate SE t-ratio 
Continuous Discrete 10 -0.0219589 0.00084827 -25.886668 
Continuous Discrete 20 -0.0433299 0.00084827 -51.080252 
Continuous Discrete 30 -0.0614634 0.00084827 -72.457236 
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Table 2.2. Effects of proportion of missing data, and type of trait data on similarity statistics of functional diversity measurements, and post-hoc tests of 
hypotheses. The effects are assessed using linear mixed-effects models. T values indicate the ratios between estimates and their standard errors. 
ANOSIM 
Coefficient terms Estimate SE t 
(Intercept) 0.29514656 0.00289785 101.85033 
Proportion of missing data 20% 0.1694443 0.00351348 48.22695 
Proportion of missing data 30% 0.29919431 0.00351348 85.15618 
Dataset comparison All vs. Deleted 0.05640568 0.00272153 20.72574 
Dataset comparison All vs. Imputed -0.1237559 0.00272153 -45.47294 
Type of species occurrence data Abundance -0.0713488 0.00222212 -32.10846 
Systematic bias in trait data Biased -0.1036725 0.00222212 -46.6548 
Interaction: Proportion of missing data 20% X Dataset 
comparison All vs. Deleted 
0.01708412 0.00384882 4.43879 
Interaction: Proportion of missing data 30% X Dataset 
comparison All vs. Deleted 
0.03783463 0.00384882 9.83018 
Interaction: Proportion of missing data 20% X Dataset 
comparison All vs. Imputed 
-0.0387421 0.00384882 -10.06596 
Interaction: Proportion of missing data 30% X Dataset 
comparison All vs. Imputed 
-0.080276 0.00384882 -20.85728 
Interaction: Proportion of missing data 20% X Type of species 
occurrence data Abundance 
-0.0246533 0.00314255 -7.84501 
Interaction: Proportion of missing data 30% X Type of species 
occurrence data Abundance 
-0.045861 0.00314255 -14.59355 
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Interaction: Proportion of missing data 20% X Systematic bias in 
trait data Biased 
-0.0867126 0.00314255 -27.59306 
Interaction: Proportion of missing data 30% X Systematic bias in 
trait data Biased 
-0.1192255 0.00314255 -37.93909 
PERMANOVA 
Coefficient terms Estimate SE t 
(Intercept) 16.970085 0.3746754 45.29277 
Proportion of missing data 20% 13.462974 0.4566158 29.48425 
Proportion of missing data 30% 30.787627 0.4566158 67.42567 
Dataset comparison All vs. Deleted 2.594635 0.3536931 7.33584 
Dataset comparison All vs. Imputed -7.307014 0.3536931 -20.65919 
Type of species occurrence data Abundance -3.951731 0.2887892 -13.68379 
Systematic bias in trait data Biased -5.579081 0.2887892 -19.31887 
Interaction: Proportion of missing data 20% X Dataset 
comparison All vs. Deleted 
0.059822 0.5001976 0.1196 
Interaction: Proportion of missing data 30% X Dataset 
comparison All vs. Deleted 
0.263896 0.5001976 0.52758 
Interaction: Proportion of missing data 20% X Dataset 
comparison All vs. Imputed 
-4.582311 0.5001976 -9.161 
Interaction: Proportion of missing data 30% X Dataset 
comparison All vs. Imputed 
-12.263227 0.5001976 -24.51676 
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Interaction: Proportion of missing data 20% X Type of species 
occurrence data Abundance 
-1.819556 0.4084096 -4.45522 
Interaction: Proportion of missing data 30% X Type of species 
occurrence data Abundance 
-4.437126 0.4084096 -10.8644 
Interaction: Proportion of missing data 20% X Systematic bias in 
trait data Biased 
-8.078495 0.4084096 -19.78038 
Interaction: Proportion of missing data 30% X Systematic bias in 
trait data Biased 
-17.052287 0.4084096 -41.7529 
Post-hoc test of hypotheses 
Term 1 Term 2 
Proportion 
of missing 
data 
Adjusted 
estimate (Term 
1 - Term 2) 
SE t-ratio Test 
Dataset comparison All   Dataset comparison 
Deleted 
10 -0.0564057 0.00272153 -20.725741 ANOSIM 
Dataset comparison All   Dataset comparison 
Imputed 
10 0.12375589 0.00272153 45.4729446 ANOSIM 
Dataset comparison 
Deleted  
 Dataset comparison 
Imputed 
10 0.18016157 0.00272153 66.1986857 ANOSIM 
Dataset comparison All   Dataset comparison 
Deleted 
20 -0.0734898 0.00272153 -27.003143 ANOSIM 
Dataset comparison All   Dataset comparison 
Imputed 
20 0.16249797 0.00272153 59.708362 ANOSIM 
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Dataset comparison 
Deleted  
 Dataset comparison 
Imputed 
20 0.23598778 0.00272153 86.7115052 ANOSIM 
Dataset comparison All   Dataset comparison 
Deleted 
30 -0.0942403 0.00272153 -34.627721 ANOSIM 
Dataset comparison All   Dataset comparison 
Imputed 
30 0.20403185 0.00272153 74.9695982 ANOSIM 
Dataset comparison 
Deleted  
 Dataset comparison 
Imputed 
30 0.29827216 0.00272153 109.597319 ANOSIM 
Type of species occurrence 
data Presence/Absence  
 Type of species 
occurrence data 
Abundance 
10 0.07134878 0.00222212 32.1084558 ANOSIM 
Type of species occurrence 
data Presence/Absence  
 Type of species 
occurrence data 
Abundance 
20 0.09600213 0.00222212 43.2029804 ANOSIM 
Type of species occurrence 
data Presence/Absence  
 Type of species 
occurrence data 
Abundance 
30 0.11720974 0.00222212 52.7468515 ANOSIM 
Systematic bias in trait data 
Neutral  
 Systematic bias in trait 
data Biased 
10 0.10367249 0.00222212 46.6548032 ANOSIM 
Systematic bias in trait data 
Neutral  
 Systematic bias in trait 
data Biased 
20 0.19038506 0.00222212 85.6772877 ANOSIM 
Systematic bias in trait data 
Neutral  
 Systematic bias in trait 
data Biased 
30 0.22289795 0.00222212 100.308773 ANOSIM 
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Dataset comparison All   Dataset comparison 
Deleted 
10 -2.594635 0.35369311 -7.335837 PERMANOVA 
Dataset comparison All   Dataset comparison 
Imputed 
10 7.30701402 0.35369311 20.6591927 PERMANOVA 
Dataset comparison 
Deleted  
 Dataset comparison 
Imputed 
10 9.901649 0.35369311 27.9950297 PERMANOVA 
Dataset comparison All   Dataset comparison 
Deleted 
20 -2.654457 0.35369311 -7.5049725 PERMANOVA 
Dataset comparison All   Dataset comparison 
Imputed 
20 11.8893253 0.35369311 33.6148064 PERMANOVA 
Dataset comparison 
Deleted  
 Dataset comparison 
Imputed 
20 14.5437823 0.35369311 41.119779 PERMANOVA 
Dataset comparison All   Dataset comparison 
Deleted 
30 -2.858531 0.35369311 -8.0819529 PERMANOVA 
Dataset comparison All   Dataset comparison 
Imputed 
30 19.5702406 0.35369311 55.331134 PERMANOVA 
Dataset comparison 
Deleted  
 Dataset comparison 
Imputed 
30 22.4287717 0.35369311 63.4130869 PERMANOVA 
Type of species occurrence 
data Presence/Absence  
 Type of species 
occurrence data 
Abundance 
10 3.95173093 0.28878921 13.68379 PERMANOVA 
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Type of species occurrence 
data Presence/Absence  
 Type of species 
occurrence data 
Abundance 
20 5.77128731 0.28878921 19.9844284 PERMANOVA 
Type of species occurrence 
data Presence/Absence  
 Type of species 
occurrence data 
Abundance 
30 8.38885709 0.28878921 29.0483742 PERMANOVA 
Systematic bias in trait data 
Neutral  
 Systematic bias in trait 
data Biased 
10 5.57908127 0.28878921 19.3188701 PERMANOVA 
Systematic bias in trait data 
Neutral  
 Systematic bias in trait 
data Biased 
20 13.6575768 0.28878921 47.2925449 PERMANOVA 
Systematic bias in trait data 
Neutral  
 Systematic bias in trait 
data Biased 
30 22.6313687 0.28878921 78.3663926 PERMANOVA 
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Table 2.3. Effects of functional diversity metrics, data manipulation techniques, and dataset attributes on the rank correlation between functional diversity 
measured using the complete simulation dataset and a test dataset (deleted or imputed dataset), and post-hoc test of hypotheses. The effects are assessed 
using linear mixed-effects models. T values indicate the ratio between estimates and their standard errors. 
Coefficient terms Estimate SE t 
(Intercept) 0.4432763 0.00229809 192.88868 
Type of dataset Imputed dataset 0.2110051 0.00244547 86.28416 
Proportion of missing data 20% -0.1927453 0.0030388 -63.4281 
Proportion of missing data 30% -0.2944293 0.0030388 -96.88998 
Type of functional diversity metrics FEve -0.0838956 0.00256826 -32.66637 
Type of functional diversity metrics FDiv -0.0907278 0.00256826 -35.32662 
Type of functional diversity metrics FDis 0.0525561 0.00256826 20.46375 
Type of functional diversity metrics RaoQ 0.0548228 0.00256826 21.34632 
Systematic bias in trait dataset Biased 0.1053709 0.00162431 64.87131 
Type of species occurrence data Abundance 0.0267057 0.00162431 16.44132 
Interaction: Type of dataset Imputed dataset X Proportion of missing data 20% 0.0613121 0.00345841 17.72839 
Interaction: Type of dataset Imputed dataset X Proportion of missing data 30% 0.0781985 0.00345841 22.61109 
Interaction: Type of dataset Imputed dataset X Type of functional diversity metrics FEve -0.0402813 0.00296557 -13.58301 
Interaction: Type of dataset Imputed dataset X Type of functional diversity metrics FDiv 0.0449835 0.00296557 15.1686 
Interaction: Type of dataset Imputed dataset X Type of functional diversity metrics FDis 0.0627521 0.00296557 21.16024 
Interaction: Type of dataset Imputed dataset X Type of functional diversity metrics RaoQ 0.0534406 0.00296557 18.02037 
Interaction: Type of dataset Imputed dataset X Systematic bias in trait dataset Biased -0.0956608 0.0020546 -46.55923 
Interaction: Type of dataset Imputed dataset X Type of species occurrence data Abundance -0.0033293 0.00187559 -1.77505 
Interaction: Proportion of missing data 20% X Type of functional diversity metrics FEve -0.0006738 0.00363206 -0.18552 
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Interaction: Proportion of missing data 30% X Type of functional diversity metrics FEve 0.0065327 0.00363206 1.79862 
Interaction: Proportion of missing data 20% X Type of functional diversity metrics FDiv 0.054358 0.00363206 14.96615 
Interaction: Proportion of missing data 30% X Type of functional diversity metrics FDiv 0.0459639 0.00363206 12.65504 
Interaction: Proportion of missing data 20% X Type of functional diversity metrics FDis 0.0106977 0.00363206 2.94535 
Interaction: Proportion of missing data 30% X Type of functional diversity metrics FDis -0.0061879 0.00363206 -1.7037 
Interaction: Proportion of missing data 20% X Type of functional diversity metrics RaoQ 0.0077127 0.00363206 2.12351 
Interaction: Proportion of missing data 30% X Type of functional diversity metrics RaoQ -0.0082634 0.00363206 -2.27513 
Interaction: Proportion of missing data 20% X Systematic bias in trait dataset Biased 0.0321087 0.00229712 13.97782 
Interaction: Proportion of missing data 30% X Systematic bias in trait dataset Biased 0.0388733 0.00229712 16.92264 
Interaction: Proportion of missing data 20% X Type of species occurrence data Abundance -0.0012813 0.00229712 -0.55781 
Interaction: Proportion of missing data 30% X Type of species occurrence data Abundance -0.002439 0.00229712 -1.06179 
Interaction: Type of dataset Imputed dataset X Proportion of missing data 20% X Type of 
functional diversity metrics FEve 
-0.0005809 0.00419394 -0.13851 
Interaction: Type of dataset Imputed dataset X Proportion of missing data 30% X Type of 
functional diversity metrics FEve 
0.0018291 0.00419394 0.43613 
Interaction: Type of dataset Imputed dataset X Proportion of missing data 20% X Type of 
functional diversity metrics FDiv 
-0.0253712 0.00419394 -6.04949 
Interaction: Type of dataset Imputed dataset X Proportion of missing data 30% X Type of 
functional diversity metrics FDiv 
-0.007283 0.00419394 -1.73656 
Interaction: Type of dataset Imputed dataset X Proportion of missing data 20% X Type of 
functional diversity metrics FDis 
0.0178972 0.00419394 4.26739 
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Interaction: Type of dataset Imputed dataset X Proportion of missing data 30% X Type of 
functional diversity metrics FDis 
0.0391334 0.00419394 9.33093 
Interaction: Type of dataset Imputed dataset X Proportion of missing data 20% X Type of 
functional diversity metrics RaoQ 
0.0161459 0.00419394 3.84981 
Interaction: Type of dataset Imputed dataset X Proportion of missing data 30% X Type of 
functional diversity metrics RaoQ 
0.0333232 0.00419394 7.94555 
Interaction: Type of dataset Imputed dataset X Proportion of missing data 20% X Systematic bias 
in trait dataset Biased 
-0.031369 0.00290565 -10.79587 
Interaction: Type of dataset Imputed dataset X Proportion of missing data 30% X Systematic bias 
in trait dataset Biased 
-0.0335416 0.00290565 -11.54358 
Interaction: Type of dataset Imputed dataset X Proportion of missing data 20% X Type of species 
occurrence data Abundance 
0.0070735 0.00265248 2.66674 
Interaction: Type of dataset Imputed dataset X Proportion of missing data 30% X Type of species 
occurrence data Abundance 
0.0106124 0.00265248 4.00093 
Post-hoc test of hypotheses 
Term 1 Term 2 
Proportion of missing 
data 
Adjusted estimate 
(Term 1- Term 2) 
SE t-ratio 
Deleted dataset,Type of 
species occurrence data 
Presence/Absence  
 Imputed dataset,Type of 
species occurrence data 
Presence/Absence 
10 -0.1873537 0.00139097 -134.69252 
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Deleted dataset,Type of 
species occurrence data 
Presence/Absence  
 Deleted dataset,Type of 
species occurrence data 
Abundance 
10 -0.0267057 0.00162431 -16.441318 
Imputed dataset,Type of 
species occurrence data 
Presence/Absence  
 Imputed dataset,Type of 
species occurrence data 
Abundance 
10 -0.0233765 0.00093779 -24.927106 
Deleted dataset,Type of 
species occurrence data 
Abundance  
 Imputed dataset,Type of 
species occurrence data 
Abundance 
10 -0.1840244 0.00139097 -132.29905 
Deleted dataset,Type of 
species occurrence data 
Presence/Absence  
 Imputed dataset,Type of 
species occurrence data 
Presence/Absence 
20 -0.2345995 0.00139097 -168.6585 
Deleted dataset,Type of 
species occurrence data 
Presence/Absence  
 Deleted dataset,Type of 
species occurrence data 
Abundance 
20 -0.0254244 0.00162431 -15.652461 
Imputed dataset,Type of 
species occurrence data 
Presence/Absence  
 Imputed dataset,Type of 
species occurrence data 
Abundance 
20 -0.0291686 0.00093779 -31.103433 
Deleted dataset,Type of 
species occurrence data 
Abundance  
 Imputed dataset,Type of 
species occurrence data 
Abundance 
20 -0.2383437 0.00139097 -171.3503 
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Deleted dataset,Type of 
species occurrence data 
Presence/Absence  
 Imputed dataset,Type of 
species occurrence data 
Presence/Absence 
30 -0.2621819 0.00139097 -188.48811 
Deleted dataset,Type of 
species occurrence data 
Presence/Absence  
 Deleted dataset,Type of 
species occurrence data 
Abundance 
30 -0.0242667 0.00162431 -14.939725 
Imputed dataset,Type of 
species occurrence data 
Presence/Absence  
 Imputed dataset,Type of 
species occurrence data 
Abundance 
30 -0.0315498 0.00093779 -33.642615 
Deleted dataset,Type of 
species occurrence data 
Abundance  
 Imputed dataset,Type of 
species occurrence data 
Abundance 
30 -0.2694651 0.00139097 -193.72412 
Deleted dataset,Systematic 
bias in trait data Neutral  
 Imputed dataset,Systematic 
bias in trait data Neutral 
10 -0.2335195 0.00125818 -185.60059 
Deleted dataset,Systematic 
bias in trait data Neutral  
 Deleted dataset,Systematic 
bias in trait data Biased 
10 -0.1053709 0.00162431 -64.871315 
Imputed dataset,Systematic 
bias in trait data Neutral  
 Imputed dataset,Systematic 
bias in trait data Biased 
10 -0.0097102 0.00125818 -7.7176081 
Deleted dataset,Systematic 
bias in trait data Biased  
 Imputed dataset,Systematic 
bias in trait data Biased 
10 -0.1378587 0.00162431 -84.87232 
Deleted dataset,Systematic 
bias in trait data Neutral  
 Imputed dataset,Systematic 
bias in trait data Neutral 
20 -0.2999865 0.00125818 -238.42839 
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Deleted dataset,Systematic 
bias in trait data Neutral  
 Deleted dataset,Systematic 
bias in trait data Biased 
20 -0.1374796 0.00162431 -84.638943 
Imputed dataset,Systematic 
bias in trait data Neutral  
 Imputed dataset,Systematic 
bias in trait data Biased 
20 -0.0104498 0.00125818 -8.3055022 
Deleted dataset,Systematic 
bias in trait data Biased  
 Imputed dataset,Systematic 
bias in trait data Biased 
20 -0.1729567 0.00162431 -106.48031 
Deleted dataset,Systematic 
bias in trait data Neutral  
 Imputed dataset,Systematic 
bias in trait data Neutral 
30 -0.3304247 0.00125818 -262.62058 
Deleted dataset,Systematic 
bias in trait data Neutral  
 Deleted dataset,Systematic 
bias in trait data Biased 
30 -0.1442442 0.00162431 -88.803546 
Imputed dataset,Systematic 
bias in trait data Neutral  
 Imputed dataset,Systematic 
bias in trait data Biased 
30 -0.0150419 0.00125818 -11.955239 
Deleted dataset,Systematic 
bias in trait data Biased  
 Imputed dataset,Systematic 
bias in trait data Biased 
30 -0.2012223 0.00162431 -123.88197 
Deleted dataset,Type of 
functional diversity metrics 
FRic  
 Imputed dataset,Type of 
functional diversity metrics 
FRic 
10 -0.1615101 0.0021385 -75.524973 
Deleted dataset,Type of 
functional diversity metrics 
FRic  
 Deleted dataset,Type of 
functional diversity metrics 
FEve 
10 0.08389555 0.00256826 32.6663689 
Deleted dataset,Type of 
functional diversity metrics 
FRic  
 Deleted dataset,Type of 
functional diversity metrics 
FDiv 
10 0.09072776 0.00256826 35.3266216 
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Deleted dataset,Type of 
functional diversity metrics 
FRic  
 Deleted dataset,Type of 
functional diversity metrics 
FDis 
10 -0.0525561 0.00256826 -20.463752 
Deleted dataset,Type of 
functional diversity metrics 
FRic  
 Deleted dataset,Type of 
functional diversity metrics 
RaoQ 
10 -0.0548228 0.00256826 -21.346318 
Imputed dataset,Type of 
functional diversity metrics 
FRic  
 Imputed dataset,Type of 
functional diversity metrics 
FEve 
10 0.12417686 0.00148278 83.7458336 
Imputed dataset,Type of 
functional diversity metrics 
FRic  
 Imputed dataset,Type of 
functional diversity metrics 
FDiv 
10 0.04574429 0.00148278 30.8503038 
Imputed dataset,Type of 
functional diversity metrics 
FRic  
 Imputed dataset,Type of 
functional diversity metrics 
FDis 
10 -0.1153082 0.00148278 -77.764741 
Imputed dataset,Type of 
functional diversity metrics 
FRic  
 Imputed dataset,Type of 
functional diversity metrics 
RaoQ 
10 -0.1082634 0.00148278 -73.013655 
Deleted dataset,Type of 
functional diversity metrics 
FEve  
 Imputed dataset,Type of 
functional diversity metrics 
FEve 
10 -0.1212288 0.0021385 -56.688726 
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Deleted dataset,Type of 
functional diversity metrics 
FEve  
 Deleted dataset,Type of 
functional diversity metrics 
FDiv 
10 0.00683221 0.00256826 2.6602527 
Deleted dataset,Type of 
functional diversity metrics 
FEve  
 Deleted dataset,Type of 
functional diversity metrics 
FDis 
10 -0.1364517 0.00256826 -53.130121 
Deleted dataset,Type of 
functional diversity metrics 
FEve  
 Deleted dataset,Type of 
functional diversity metrics 
RaoQ 
10 -0.1387183 0.00256826 -54.012687 
Imputed dataset,Type of 
functional diversity metrics 
FEve  
 Imputed dataset,Type of 
functional diversity metrics 
FDiv 
10 -0.0784326 0.00148278 -52.89553 
Imputed dataset,Type of 
functional diversity metrics 
FEve  
 Imputed dataset,Type of 
functional diversity metrics 
FDis 
10 -0.2394851 0.00148278 -161.51058 
Imputed dataset,Type of 
functional diversity metrics 
FEve  
 Imputed dataset,Type of 
functional diversity metrics 
RaoQ 
10 -0.2324402 0.00148278 -156.75949 
Deleted dataset,Type of 
functional diversity metrics 
FDiv  
 Imputed dataset,Type of 
functional diversity metrics 
FDiv 
10 -0.2064936 0.0021385 -96.560037 
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Deleted dataset,Type of 
functional diversity metrics 
FDiv  
 Deleted dataset,Type of 
functional diversity metrics 
FDis 
10 -0.1432839 0.00256826 -55.790374 
Deleted dataset,Type of 
functional diversity metrics 
FDiv  
 Deleted dataset,Type of 
functional diversity metrics 
RaoQ 
10 -0.1455505 0.00256826 -56.67294 
Imputed dataset,Type of 
functional diversity metrics 
FDiv  
 Imputed dataset,Type of 
functional diversity metrics 
FDis 
10 -0.1610525 0.00148278 -108.61505 
Imputed dataset,Type of 
functional diversity metrics 
FDiv  
 Imputed dataset,Type of 
functional diversity metrics 
RaoQ 
10 -0.1540077 0.00148278 -103.86396 
Deleted dataset,Type of 
functional diversity metrics 
FDis  
 Imputed dataset,Type of 
functional diversity metrics 
FDis 
10 -0.2242622 0.0021385 -104.86895 
Deleted dataset,Type of 
functional diversity metrics 
FDis  
 Deleted dataset,Type of 
functional diversity metrics 
RaoQ 
10 -0.0022667 0.00256826 -0.8825662 
Imputed dataset,Type of 
functional diversity metrics 
FDis  
 Imputed dataset,Type of 
functional diversity metrics 
RaoQ 
10 0.00704483 0.00148278 4.75108621 
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Deleted dataset,Type of 
functional diversity metrics 
RaoQ  
 Imputed dataset,Type of 
functional diversity metrics 
RaoQ 
10 -0.2149507 0.0021385 -100.51474 
Deleted dataset,Type of 
functional diversity metrics 
FRic  
 Imputed dataset,Type of 
functional diversity metrics 
FRic 
20 -0.2106744 0.0021385 -98.515074 
Deleted dataset,Type of 
functional diversity metrics 
FRic  
 Deleted dataset,Type of 
functional diversity metrics 
FEve 
20 0.08456938 0.00256826 32.9287367 
Deleted dataset,Type of 
functional diversity metrics 
FRic  
 Deleted dataset,Type of 
functional diversity metrics 
FDiv 
20 0.0363698 0.00256826 14.1612909 
Deleted dataset,Type of 
functional diversity metrics 
FRic  
 Deleted dataset,Type of 
functional diversity metrics 
FDis 
20 -0.0632538 0.00256826 -24.629106 
Deleted dataset,Type of 
functional diversity metrics 
FRic  
 Deleted dataset,Type of 
functional diversity metrics 
RaoQ 
20 -0.0625355 0.00256826 -24.34942 
Imputed dataset,Type of 
functional diversity metrics 
FRic  
 Imputed dataset,Type of 
functional diversity metrics 
FEve 
20 0.12543157 0.00148278 84.5920215 
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Imputed dataset,Type of 
functional diversity metrics 
FRic  
 Imputed dataset,Type of 
functional diversity metrics 
FDiv 
20 0.01675755 0.00148278 11.3014199 
Imputed dataset,Type of 
functional diversity metrics 
FRic  
 Imputed dataset,Type of 
functional diversity metrics 
FDis 
20 -0.1439031 0.00148278 -97.04934 
Imputed dataset,Type of 
functional diversity metrics 
FRic  
 Imputed dataset,Type of 
functional diversity metrics 
RaoQ 
20 -0.132122 0.00148278 -89.104093 
Deleted dataset,Type of 
functional diversity metrics 
FEve  
 Imputed dataset,Type of 
functional diversity metrics 
FEve 
20 -0.1698122 0.0021385 -79.407194 
Deleted dataset,Type of 
functional diversity metrics 
FEve  
 Deleted dataset,Type of 
functional diversity metrics 
FDiv 
20 -0.0481996 0.00256826 -18.767446 
Deleted dataset,Type of 
functional diversity metrics 
FEve  
 Deleted dataset,Type of 
functional diversity metrics 
FDis 
20 -0.1478232 0.00256826 -57.557843 
Deleted dataset,Type of 
functional diversity metrics 
FEve  
 Deleted dataset,Type of 
functional diversity metrics 
RaoQ 
20 -0.1471049 0.00256826 -57.278157 
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Imputed dataset,Type of 
functional diversity metrics 
FEve  
 Imputed dataset,Type of 
functional diversity metrics 
FDiv 
20 -0.108674 0.00148278 -73.290602 
Imputed dataset,Type of 
functional diversity metrics 
FEve  
 Imputed dataset,Type of 
functional diversity metrics 
FDis 
20 -0.2693346 0.00148278 -181.64136 
Imputed dataset,Type of 
functional diversity metrics 
FEve  
 Imputed dataset,Type of 
functional diversity metrics 
RaoQ 
20 -0.2575536 0.00148278 -173.69612 
Deleted dataset,Type of 
functional diversity metrics 
FDiv  
 Imputed dataset,Type of 
functional diversity metrics 
FDiv 
20 -0.2302867 0.0021385 -107.68611 
Deleted dataset,Type of 
functional diversity metrics 
FDiv  
 Deleted dataset,Type of 
functional diversity metrics 
FDis 
20 -0.0996236 0.00256826 -38.790397 
Deleted dataset,Type of 
functional diversity metrics 
FDiv  
 Deleted dataset,Type of 
functional diversity metrics 
RaoQ 
20 -0.0989053 0.00256826 -38.510711 
Imputed dataset,Type of 
functional diversity metrics 
FDiv  
 Imputed dataset,Type of 
functional diversity metrics 
FDis 
20 -0.1606606 0.00148278 -108.35076 
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Imputed dataset,Type of 
functional diversity metrics 
FDiv  
 Imputed dataset,Type of 
functional diversity metrics 
RaoQ 
20 -0.1488795 0.00148278 -100.40551 
Deleted dataset,Type of 
functional diversity metrics 
FDis  
 Imputed dataset,Type of 
functional diversity metrics 
FDis 
20 -0.2913237 0.0021385 -136.22808 
Deleted dataset,Type of 
functional diversity metrics 
FDis  
 Deleted dataset,Type of 
functional diversity metrics 
RaoQ 
20 0.00071831 0.00256826 0.27968638 
Imputed dataset,Type of 
functional diversity metrics 
FDis  
 Imputed dataset,Type of 
functional diversity metrics 
RaoQ 
20 0.01178107 0.00148278 7.94524661 
Deleted dataset,Type of 
functional diversity metrics 
RaoQ  
 Imputed dataset,Type of 
functional diversity metrics 
RaoQ 
20 -0.2802609 0.0021385 -131.05494 
Deleted dataset,Type of 
functional diversity metrics 
FRic  
 Imputed dataset,Type of 
functional diversity metrics 
FRic 
30 -0.228244 0.0021385 -106.73092 
Deleted dataset,Type of 
functional diversity metrics 
FRic  
 Deleted dataset,Type of 
functional diversity metrics 
FEve 
30 0.07736285 0.00256826 30.1227326 
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Deleted dataset,Type of 
functional diversity metrics 
FRic  
 Deleted dataset,Type of 
functional diversity metrics 
FDiv 
30 0.0447639 0.00256826 17.4296981 
Deleted dataset,Type of 
functional diversity metrics 
FRic  
 Deleted dataset,Type of 
functional diversity metrics 
FDis 
30 -0.0463682 0.00256826 -18.054358 
Deleted dataset,Type of 
functional diversity metrics 
FRic  
 Deleted dataset,Type of 
functional diversity metrics 
RaoQ 
30 -0.0465594 0.00256826 -18.128798 
Imputed dataset,Type of 
functional diversity metrics 
FRic  
 Imputed dataset,Type of 
functional diversity metrics 
FEve 
30 0.11581507 0.00148278 78.1065763 
Imputed dataset,Type of 
functional diversity metrics 
FRic  
 Imputed dataset,Type of 
functional diversity metrics 
FDiv 
30 0.00706345 0.00148278 4.76364415 
Imputed dataset,Type of 
functional diversity metrics 
FRic  
 Imputed dataset,Type of 
functional diversity metrics 
FDis 
30 -0.1482536 0.00148278 -99.983401 
Imputed dataset,Type of 
functional diversity metrics 
FRic  
 Imputed dataset,Type of 
functional diversity metrics 
RaoQ 
30 -0.1333231 0.00148278 -89.914158 
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Deleted dataset,Type of 
functional diversity metrics 
FEve  
 Imputed dataset,Type of 
functional diversity metrics 
FEve 
30 -0.1897918 0.0021385 -88.749986 
Deleted dataset,Type of 
functional diversity metrics 
FEve  
 Deleted dataset,Type of 
functional diversity metrics 
FDiv 
30 -0.0325989 0.00256826 -12.693034 
Deleted dataset,Type of 
functional diversity metrics 
FEve  
 Deleted dataset,Type of 
functional diversity metrics 
FDis 
30 -0.123731 0.00256826 -48.17709 
Deleted dataset,Type of 
functional diversity metrics 
FEve  
 Deleted dataset,Type of 
functional diversity metrics 
RaoQ 
30 -0.1239222 0.00256826 -48.25153 
Imputed dataset,Type of 
functional diversity metrics 
FEve  
 Imputed dataset,Type of 
functional diversity metrics 
FDiv 
30 -0.1087516 0.00148278 -73.342932 
Imputed dataset,Type of 
functional diversity metrics 
FEve  
 Imputed dataset,Type of 
functional diversity metrics 
FDis 
30 -0.2640687 0.00148278 -178.08998 
Imputed dataset,Type of 
functional diversity metrics 
FEve  
 Imputed dataset,Type of 
functional diversity metrics 
RaoQ 
30 -0.2491382 0.00148278 -168.02073 
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Deleted dataset,Type of 
functional diversity metrics 
FDiv  
 Imputed dataset,Type of 
functional diversity metrics 
FDiv 
30 -0.2659445 0.0021385 -124.36032 
Deleted dataset,Type of 
functional diversity metrics 
FDiv  
 Deleted dataset,Type of 
functional diversity metrics 
FDis 
30 -0.0911321 0.00256826 -35.484056 
Deleted dataset,Type of 
functional diversity metrics 
FDiv  
 Deleted dataset,Type of 
functional diversity metrics 
RaoQ 
30 -0.0913233 0.00256826 -35.558496 
Imputed dataset,Type of 
functional diversity metrics 
FDiv  
 Imputed dataset,Type of 
functional diversity metrics 
FDis 
30 -0.1553171 0.00148278 -104.74705 
Imputed dataset,Type of 
functional diversity metrics 
FDiv  
 Imputed dataset,Type of 
functional diversity metrics 
RaoQ 
30 -0.1403866 0.00148278 -94.677802 
Deleted dataset,Type of 
functional diversity metrics 
FDis  
 Imputed dataset,Type of 
functional diversity metrics 
FDis 
30 -0.3301295 0.0021385 -154.37435 
Deleted dataset,Type of 
functional diversity metrics 
FDis  
 Deleted dataset,Type of 
functional diversity metrics 
RaoQ 
30 -0.0001912 0.00256826 -0.0744397 
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Imputed dataset,Type of 
functional diversity metrics 
FDis  
 Imputed dataset,Type of 
functional diversity metrics 
RaoQ 
30 0.0149305 0.00148278 10.0692434 
Deleted dataset,Type of 
functional diversity metrics 
RaoQ  
 Imputed dataset,Type of 
functional diversity metrics 
RaoQ 
30 -0.3150078 0.0021385 -147.30319 
Deleted 
dataset,Presence/Absence,FD
is,Neutral  
 Deleted 
dataset,Presence/Absence,FD
is,Biased 
10 -0.1053709 0.00162431 -64.871315 
Deleted 
dataset,Presence/Absence,FD
is,Neutral  
 Deleted 
dataset,Presence/Absence,FD
is,Biased 
20 -0.1374796 0.00162431 -84.638943 
Deleted 
dataset,Presence/Absence,FD
is,Neutral  
 Deleted 
dataset,Presence/Absence,FD
is,Biased 
30 -0.1442442 0.00162431 -88.803546 
Deleted 
dataset,Presence/Absence,FD
iv,Neutral  
 Deleted 
dataset,Presence/Absence,FD
iv,Biased 
10 -0.1053709 0.00162431 -64.871315 
Deleted 
dataset,Presence/Absence,FD
iv,Neutral  
 Deleted 
dataset,Presence/Absence,FD
iv,Biased 
20 -0.1374796 0.00162431 -84.638943 
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Deleted 
dataset,Presence/Absence,FD
iv,Neutral  
 Deleted 
dataset,Presence/Absence,FD
iv,Biased 
30 -0.1442442 0.00162431 -88.803546 
Deleted 
dataset,Presence/Absence,FE
ve,Neutral  
 Deleted 
dataset,Presence/Absence,FE
ve,Biased 
10 -0.1053709 0.00162431 -64.871315 
Deleted 
dataset,Presence/Absence,FE
ve,Neutral  
 Deleted 
dataset,Presence/Absence,FE
ve,Biased 
20 -0.1374796 0.00162431 -84.638943 
Deleted 
dataset,Presence/Absence,FE
ve,Neutral  
 Deleted 
dataset,Presence/Absence,FE
ve,Biased 
30 -0.1442442 0.00162431 -88.803546 
Deleted 
dataset,Presence/Absence,FR
ic,Neutral  
 Deleted 
dataset,Presence/Absence,FRi
c,Biased 
10 -0.1053709 0.00162431 -64.871315 
Deleted 
dataset,Presence/Absence,FR
ic,Neutral  
 Deleted 
dataset,Presence/Absence,FRi
c,Biased 
20 -0.1374796 0.00162431 -84.638943 
Deleted 
dataset,Presence/Absence,FR
ic,Neutral  
 Deleted 
dataset,Presence/Absence,FRi
c,Biased 
30 -0.1442442 0.00162431 -88.803546 
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Deleted 
dataset,Presence/Absence,Ra
oQ,Neutral  
 Deleted 
dataset,Presence/Absence,Ra
oQ,Biased 
10 -0.1053709 0.00162431 -64.871315 
Deleted 
dataset,Presence/Absence,Ra
oQ,Neutral  
 Deleted 
dataset,Presence/Absence,Ra
oQ,Biased 
20 -0.1374796 0.00162431 -84.638943 
Deleted 
dataset,Presence/Absence,Ra
oQ,Neutral  
 Deleted 
dataset,Presence/Absence,Ra
oQ,Biased 
30 -0.1442442 0.00162431 -88.803546 
Deleted 
dataset,Abundance,FDis,Neut
ral  
 Deleted 
dataset,Abundance,FDis,Bias
ed 
10 -0.1053709 0.00162431 -64.871315 
Deleted 
dataset,Abundance,FDis,Neut
ral  
 Deleted 
dataset,Abundance,FDis,Bias
ed 
20 -0.1374796 0.00162431 -84.638943 
Deleted 
dataset,Abundance,FDis,Neut
ral  
 Deleted 
dataset,Abundance,FDis,Bias
ed 
30 -0.1442442 0.00162431 -88.803546 
Deleted 
dataset,Abundance,FDiv,Neu
tral  
 Deleted 
dataset,Abundance,FDiv,Bias
ed 
10 -0.1053709 0.00162431 -64.871315 
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Deleted 
dataset,Abundance,FDiv,Neu
tral  
 Deleted 
dataset,Abundance,FDiv,Bias
ed 
20 -0.1374796 0.00162431 -84.638943 
Deleted 
dataset,Abundance,FDiv,Neu
tral  
 Deleted 
dataset,Abundance,FDiv,Bias
ed 
30 -0.1442442 0.00162431 -88.803546 
Deleted 
dataset,Abundance,FEve,Neu
tral  
 Deleted 
dataset,Abundance,FEve,Bias
ed 
10 -0.1053709 0.00162431 -64.871315 
Deleted 
dataset,Abundance,FEve,Neu
tral  
 Deleted 
dataset,Abundance,FEve,Bias
ed 
20 -0.1374796 0.00162431 -84.638943 
Deleted 
dataset,Abundance,FEve,Neu
tral  
 Deleted 
dataset,Abundance,FEve,Bias
ed 
30 -0.1442442 0.00162431 -88.803546 
Deleted 
dataset,Abundance,FRic,Neut
ral  
 Deleted 
dataset,Abundance,FRic,Bias
ed 
10 -0.1053709 0.00162431 -64.871315 
Deleted 
dataset,Abundance,FRic,Neut
ral  
 Deleted 
dataset,Abundance,FRic,Bias
ed 
20 -0.1374796 0.00162431 -84.638943 
 67 
Deleted 
dataset,Abundance,FRic,Neut
ral  
 Deleted 
dataset,Abundance,FRic,Bias
ed 
30 -0.1442442 0.00162431 -88.803546 
Deleted 
dataset,Abundance,RaoQ,Ne
utral  
 Deleted 
dataset,Abundance,RaoQ,Bia
sed 
10 -0.1053709 0.00162431 -64.871315 
Deleted 
dataset,Abundance,RaoQ,Ne
utral  
 Deleted 
dataset,Abundance,RaoQ,Bia
sed 
20 -0.1374796 0.00162431 -84.638943 
Deleted 
dataset,Abundance,RaoQ,Ne
utral  
 Deleted 
dataset,Abundance,RaoQ,Bia
sed 
30 -0.1442442 0.00162431 -88.803546 
Imputed 
dataset,Presence/Absence,FD
is,Neutral  
 Imputed 
dataset,Presence/Absence,FD
is,Biased 
10 -0.0097102 0.00125818 -7.7176081 
Imputed 
dataset,Presence/Absence,FD
is,Neutral  
 Imputed 
dataset,Presence/Absence,FD
is,Biased 
20 -0.0104498 0.00125818 -8.3055022 
Imputed 
dataset,Presence/Absence,FD
is,Neutral  
 Imputed 
dataset,Presence/Absence,FD
is,Biased 
30 -0.0150419 0.00125818 -11.955239 
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Imputed 
dataset,Presence/Absence,FD
iv,Neutral  
 Imputed 
dataset,Presence/Absence,FD
iv,Biased 
10 -0.0097102 0.00125818 -7.7176081 
Imputed 
dataset,Presence/Absence,FD
iv,Neutral  
 Imputed 
dataset,Presence/Absence,FD
iv,Biased 
20 -0.0104498 0.00125818 -8.3055022 
Imputed 
dataset,Presence/Absence,FD
iv,Neutral  
 Imputed 
dataset,Presence/Absence,FD
iv,Biased 
30 -0.0150419 0.00125818 -11.955239 
Imputed 
dataset,Presence/Absence,FE
ve,Neutral  
 Imputed 
dataset,Presence/Absence,FE
ve,Biased 
10 -0.0097102 0.00125818 -7.7176081 
Imputed 
dataset,Presence/Absence,FE
ve,Neutral  
 Imputed 
dataset,Presence/Absence,FE
ve,Biased 
20 -0.0104498 0.00125818 -8.3055022 
Imputed 
dataset,Presence/Absence,FE
ve,Neutral  
 Imputed 
dataset,Presence/Absence,FE
ve,Biased 
30 -0.0150419 0.00125818 -11.955239 
Imputed 
dataset,Presence/Absence,FR
ic,Neutral  
 Imputed 
dataset,Presence/Absence,FRi
c,Biased 
10 -0.0097102 0.00125818 -7.7176081 
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Imputed 
dataset,Presence/Absence,FR
ic,Neutral  
 Imputed 
dataset,Presence/Absence,FRi
c,Biased 
20 -0.0104498 0.00125818 -8.3055022 
Imputed 
dataset,Presence/Absence,FR
ic,Neutral  
 Imputed 
dataset,Presence/Absence,FRi
c,Biased 
30 -0.0150419 0.00125818 -11.955239 
Imputed 
dataset,Presence/Absence,Ra
oQ,Neutral  
 Imputed 
dataset,Presence/Absence,Ra
oQ,Biased 
10 -0.0097102 0.00125818 -7.7176081 
Imputed 
dataset,Presence/Absence,Ra
oQ,Neutral  
 Imputed 
dataset,Presence/Absence,Ra
oQ,Biased 
20 -0.0104498 0.00125818 -8.3055022 
Imputed 
dataset,Presence/Absence,Ra
oQ,Neutral  
 Imputed 
dataset,Presence/Absence,Ra
oQ,Biased 
30 -0.0150419 0.00125818 -11.955239 
Imputed 
dataset,Abundance,FDis,Neut
ral  
 Imputed 
dataset,Abundance,FDis,Bias
ed 
10 -0.0097102 0.00125818 -7.7176081 
Imputed 
dataset,Abundance,FDis,Neut
ral  
 Imputed 
dataset,Abundance,FDis,Bias
ed 
20 -0.0104498 0.00125818 -8.3055022 
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Imputed 
dataset,Abundance,FDis,Neut
ral  
 Imputed 
dataset,Abundance,FDis,Bias
ed 
30 -0.0150419 0.00125818 -11.955239 
Imputed 
dataset,Abundance,FDiv,Neu
tral  
 Imputed 
dataset,Abundance,FDiv,Bias
ed 
10 -0.0097102 0.00125818 -7.7176081 
Imputed 
dataset,Abundance,FDiv,Neu
tral  
 Imputed 
dataset,Abundance,FDiv,Bias
ed 
20 -0.0104498 0.00125818 -8.3055022 
Imputed 
dataset,Abundance,FDiv,Neu
tral  
 Imputed 
dataset,Abundance,FDiv,Bias
ed 
30 -0.0150419 0.00125818 -11.955239 
Imputed 
dataset,Abundance,FEve,Neu
tral  
 Imputed 
dataset,Abundance,FEve,Bias
ed 
10 -0.0097102 0.00125818 -7.7176081 
Imputed 
dataset,Abundance,FEve,Neu
tral  
 Imputed 
dataset,Abundance,FEve,Bias
ed 
20 -0.0104498 0.00125818 -8.3055022 
Imputed 
dataset,Abundance,FEve,Neu
tral  
 Imputed 
dataset,Abundance,FEve,Bias
ed 
30 -0.0150419 0.00125818 -11.955239 
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Imputed 
dataset,Abundance,FRic,Neut
ral  
 Imputed 
dataset,Abundance,FRic,Bias
ed 
10 -0.0097102 0.00125818 -7.7176081 
Imputed 
dataset,Abundance,FRic,Neut
ral  
 Imputed 
dataset,Abundance,FRic,Bias
ed 
20 -0.0104498 0.00125818 -8.3055022 
Imputed 
dataset,Abundance,FRic,Neut
ral  
 Imputed 
dataset,Abundance,FRic,Bias
ed 
30 -0.0150419 0.00125818 -11.955239 
Imputed 
dataset,Abundance,RaoQ,Ne
utral  
 Imputed 
dataset,Abundance,RaoQ,Bia
sed 
10 -0.0097102 0.00125818 -7.7176081 
Imputed 
dataset,Abundance,RaoQ,Ne
utral  
 Imputed 
dataset,Abundance,RaoQ,Bia
sed 
20 -0.0104498 0.00125818 -8.3055022 
Imputed 
dataset,Abundance,RaoQ,Ne
utral  
 Imputed 
dataset,Abundance,RaoQ,Bia
sed 
30 -0.0150419 0.00125818 -11.955239 
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Table 2.4. Effects of functional diversity metrics, data manipulation techniques, dataset attributes, and loss of functional uniqueness on the rank 
correlation between functional diversity measured using the complete simulation dataset and a test dataset (deleted or imputed dataset), and tests of 
hypotheses. The effects are assessed using linear mixed-effects models. T values indicate the ratio between estimates and their standard errors. 
Coefficient terms Estimate SE t 
(Intercept) 0.3816903 0.0068808 55.47179 
Type of dataset Imputed dataset 0.1983864 0.00735457 26.97458 
Type of species occurrence data Abundance 0.0007346 0.0089906 0.08171 
Mean functional rarity among missing taxa -0.1316488 0.03669856 -3.5873 
Type of functional diversity metrics FEve -0.0343549 0.0089906 -3.8212 
Type of functional diversity metrics FDiv -0.1419159 0.0089906 -15.78492 
Type of functional diversity metrics FDis 0.0400233 0.0089906 4.45168 
Type of functional diversity metrics RaoQ 0.0399575 0.0089906 4.44436 
Interaction: Type of dataset Imputed dataset X Type of species occurrence data Abundance 0.0028865 0.01040068 0.27753 
Interaction: Type of dataset Imputed dataset X Mean functional rarity among missing taxa -0.0141091 0.03925777 -0.3594 
Interaction: Type of species occurrence data Abundance X Mean functional rarity among missing 
taxa 
-0.0038381 0.04797955 -0.07999 
Interaction: Type of dataset Imputed dataset X Type of functional diversity metrics FEve -0.0433908 0.01040068 -4.17192 
Interaction: Type of dataset Imputed dataset X Type of functional diversity metrics FDiv 0.0199173 0.01040068 1.915 
Interaction: Type of dataset Imputed dataset X Type of functional diversity metrics FDis 0.0814367 0.01040068 7.82994 
Interaction: Type of dataset Imputed dataset X Type of functional diversity metrics RaoQ 0.0717469 0.01040068 6.89829 
Interaction: Type of species occurrence data Abundance X Type of functional diversity metrics 
FEve 
-0.0739712 0.01271463 -5.8178 
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Interaction: Type of species occurrence data Abundance X Type of functional diversity metrics 
FDiv 
0.1421064 0.01271463 11.1766 
Interaction: Type of species occurrence data Abundance X Type of functional diversity metrics 
FDis 
0.0104205 0.01271463 0.81957 
Interaction: Type of species occurrence data Abundance X Type of functional diversity metrics 
RaoQ 
0.0125345 0.01271463 0.98583 
Interaction: Mean functional rarity among missing taxa X Type of functional diversity metrics 
FEve 
-0.1944501 0.04797955 -4.05277 
Interaction: Mean functional rarity among missing taxa X Type of functional diversity metrics 
FDiv 
0.0953663 0.04797955 1.98764 
Interaction: Mean functional rarity among missing taxa X Type of functional diversity metrics 
FDis 
0.0543297 0.04797955 1.13235 
Interaction: Mean functional rarity among missing taxa X Type of functional diversity metrics 
RaoQ 
0.0571073 0.04797955 1.19024 
Interaction: Type of dataset Imputed dataset X Type of species occurrence data Abundance X 
Mean functional rarity among missing taxa 
-0.0120257 0.05551737 -0.21661 
Interaction: Type of dataset Imputed dataset X Type of species occurrence data Abundance X 
Type of functional diversity metrics FEve 
0.0050254 0.01470878 0.34166 
Interaction: Type of dataset Imputed dataset X Type of species occurrence data Abundance X 
Type of functional diversity metrics FDiv 
0.0248564 0.01470878 1.6899 
Interaction: Type of dataset Imputed dataset X Type of species occurrence data Abundance X 
Type of functional diversity metrics FDis 
-0.0130206 0.01470878 -0.88522 
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Interaction: Type of dataset Imputed dataset X Type of species occurrence data Abundance X 
Type of functional diversity metrics RaoQ 
-0.01358 0.01470878 -0.92326 
Interaction: Type of dataset Imputed dataset X Mean functional rarity among missing taxa X 
Type of functional diversity metrics FEve 
0.0038482 0.05551737 0.06932 
Interaction: Type of dataset Imputed dataset X Mean functional rarity among missing taxa X 
Type of functional diversity metrics FDiv 
0.0093984 0.05551737 0.16929 
Interaction: Type of dataset Imputed dataset X Mean functional rarity among missing taxa X 
Type of functional diversity metrics FDis 
0.0292565 0.05551737 0.52698 
Interaction: Type of dataset Imputed dataset X Mean functional rarity among missing taxa X 
Type of functional diversity metrics RaoQ 
0.0224646 0.05551737 0.40464 
Interaction: Type of species occurrence data Abundance X Mean functional rarity among missing 
taxa X Type of functional diversity metrics FEve 
0.2705178 0.06785333 3.9868 
Interaction: Type of species occurrence data Abundance X Mean functional rarity among missing 
taxa X Type of functional diversity metrics FDiv 
-0.0391493 0.06785333 -0.57697 
Interaction: Type of species occurrence data Abundance X Mean functional rarity among missing 
taxa X Type of functional diversity metrics FDis 
-0.010111 0.06785333 -0.14901 
Interaction: Type of species occurrence data Abundance X Mean functional rarity among missing 
taxa X Type of functional diversity metrics RaoQ 
-0.0202595 0.06785333 -0.29858 
Interaction: Type of dataset Imputed dataset X Type of species occurrence data Abundance X 
Mean functional rarity among missing taxa X Type of functional diversity metrics FEve 
0.0035898 0.07851342 0.04572 
Interaction: Type of dataset Imputed dataset X Type of species occurrence data Abundance X 
Mean functional rarity among missing taxa X Type of functional diversity metrics FDiv 
0.0008167 0.07851342 0.0104 
 75 
Interaction: Type of dataset Imputed dataset X Type of species occurrence data Abundance X 
Mean functional rarity among missing taxa X Type of functional diversity metrics FDis 
0.0178538 0.07851342 0.2274 
Interaction: Type of dataset Imputed dataset X Type of species occurrence data Abundance X 
Mean functional rarity among missing taxa X Type of functional diversity metrics RaoQ 
0.0106357 0.07851342 0.13546 
Test of linear hypotheses 
Partial regression slope terms Estimate SE z value 
Functional rarity = 0 -0.13165 0.0367 -3.587 
Functional rarity + Functional rarity X FEve = 0 -0.3261 0.0367 -8.886 
Functional rarity + Functional rarity X FDiv = 0 -0.03628 0.0367 -0.989 
Functional rarity + Functional rarity X FDis = 0 -0.07732 0.0367 -2.107 
Functional rarity + Functional rarity X RaoQ = 0 -0.07454 0.0367 -2.031 
Post-hoc test of hypothesis 
Term 1 Term 2 Dataset Adjusted estimate (Term 1 - Term 2) SE t-ratio 
Presence/Absence   Abundance Deleted dataset -0.0254646 0.0011811 -21.560012 
Presence/Absence   Abundance Imputed dataset -0.0280319 0.00068191 -41.108055 
 
 
 
 76 
Chapter 3 : Taxon-specific characteristics of environmental niche 
spaces and degradation of habitat quality under climate change for 
scleractinian corals 
 
Sun W. Kim1,*, Brigitte Sommer2, Maria Beger3,4, John M. Pandolfi1 
  
1Australian Research Council Centre of Excellence for Coral Reef Studies, School of Biological 
Sciences, The University of Queensland, St. Lucia, Queensland, Australia. 
2School of Life and Environmental Sciences, The University of Sydney, Sydney, NSW 2006, 
Australia. 
3Australian Research Council Centre of Excellence for Environmental Decisions, School of 
Biological Sciences, The University of Queensland, St. Lucia, Queensland, Australia. 
4School of Biology, Faculty of Biological Sciences, University of Leeds, Leeds LS2 9JT, U.K. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
  
Manuscript in preparation 
Target journal: Proceedings of the Royal Society B: Biological Sciences  
 77 
Abstract 
Climate change is expected to reduce the habitability of current ecosystems for many species and to 
cause significant shifts in species distributions. Fundamental to predicting changes in habitability of 
current ecosystems is an understanding of environmental conditions that species can inhabit and 
persist. Patterns of current species distributions provide insights into environmental conditions that 
form species’ environmental niches. These environmental niches can be compared to predicted 
changes in environmental conditions in order to quantify the level of changes in habitability of current 
ecosystems and to identify species and locations particularly vulnerable to climate change. Here, we 
show species-specific characteristics of environmental niche spaces and changes in habitat quality 
under climate change for the five most abundant genera (118 species) along the east coast of Australia, 
spanning a latitudinal range between 11 and 32°S. Using multivariate characterisation of 
environmental conditions and ocean warming simulations, we specifically show that increasing sea 
surface temperature will render current coral habitats in eastern Australia less suitable for many 
species (proportion of the examined genera predicted to suffer a decline in environmental suitability: 
Acropora – 32%, Goniastrea – 43%, Pocillopora – 44%, Porites – 58%, Turbinaria – 0%), 
suggesting that these species will need to track their environmental niches to maintain their 
populations. In contrast, other taxa will experience improved environmental suitability in warming 
oceans (proportion of the examined genera predicted to experience an improvement in environmental 
suitability: Acropora – 10%, Goniastrea – 0%, Pocillopora – 22%, Porites – 0%, Turbinaria – 46%). 
These species may benefit from additional physical space vacated by taxa that have left certain areas 
or become locally extinct, but will likely experience new biotic interactions with other resident taxa. 
Together, the taxonomic variability in the extent of habitat quality change under climate change found 
in this study highlights that future coral assemblages are likely to become increasingly dissimilar to 
present assemblages. 
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3.1 Introduction  
Climate change is rapidly undermining the environmental suitability of current ecosystems for many 
species and is expected to result in significant shifts in species distributions (Sala et al. 2000; 
Parmesan & Yohe 2003; Cheung et al. 2009; Butchart et al. 2010). The strategy to offset the climate 
change impacts on population fitness differs vastly among species (Sagarin et al. 2006; Sexton et al. 
2009). While some taxa are able to migrate to locations with favourable environmental conditions 
(Thomas & Lennon 1999; van Herk et al. 2002; Whitfield et al. 2007; Moritz et al. 2008; Chen et al. 
2009; Johnson et al. 2011; Last et al. 2011; Pinsky et al. 2013; Poloczanska et al. 2013; García 
Molinos et al. 2015; Lenoir & Svenning 2015; Muir et al. 2015; Pecl et al. 2017; Hobbs et al. 2018; 
also see a theoretical model in Berestycki et al. 2008) or acclimatise to new environmental 
configurations (reviewed in Lavergne et al. 2010; Hobbs et al. 2018), others that are unable to track 
or expand their environmental niches are likely to suffer local and regional extirpations (Parmesan 
2006; Jackson & Sax 2010), and those with broad environmental tolerance may benefit from changes 
in community composition as they are likely to possess greater capacities to acclimatise to new 
environmental conditions than species with limited environmental tolerance (Baskin 1998; McKinney 
& Lockwood 1999; Clavel et al. 2011). The range modification strategy to minimise population loss 
against predicted changes in climatic conditions depends on the species-specific ability to persist in 
a range of environmental conditions (i.e. the extent of its environmental niche space). Unfortunately, 
our present knowledge of environmental niche space and associated species abundances is 
taxonomically restricted, with few studies featuring marine taxa (Sagarin & Gaines 2002; Dallas et 
al. 2017). The gap in our knowledge about habitat-forming species in particular requires urgent 
attention, as losses of these species can lead to regime shifts with critical ecological and economic 
implications (Graham et al. 2013; Steneck et al. 2013; Wernberg et al. 2016).  
 
Reef corals of the order Scleractinia comprise over 800 species globally (Veron et al. 2009; Veron et 
al. 2011; Veron et al. 2015; DeVantier & Turak 2017). They create complex habitat structures that 
sustain one of the most speciose ecosystems (Done 1992; Done et al. 1996). Despite their ecological 
significance, coral populations are globally declining in response to global warming and recurrent 
climatic and anthropogenic disturbances (Pandolfi et al. 2003; Carpenter et al. 2008; De’ath et al. 
2012; Hughes et al. 2017; Hughes et al. 2018a). While the effects of progressive warming on 
extinction risks and abundance changes are spatially and taxonomically variable (Brainard et al. 2013; 
Freeman et al. 2013), progressive warming is predicted to reduce overall thermal suitability of current 
geographic ranges for scleractinian corals and to cause poleward range expansion (Yara et al. 2011; 
Freeman et al. 2013; Descombes et al. 2015). In addition, acute thermal anomalies cause punctuated 
mass bleaching events that can differentiate extinction risks among coral species (Marshall & Baird 
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2000; Loya et al. 2001; McClanahan et al. 2007; van Woesik et al. 2011). Most recently, the global 
bleaching event that occurred between 2015 and 2017 has devastated numerous reefs in the Indo-
Pacific Ocean and caused mass mortality of corals (Hughes et al. 2018a; Hughes et al. 2018b). 
Widespread loss of corals is akin to loss of primary habitat for many coral reef-associated organisms 
and poses critical threats to functioning of the coral reef ecosystem. For example, loss of corals 
reduces taxonomic and functional diversity of coral reef-associated fish communities (Graham et al. 
2006; Wilson et al. 2006) and impairs physiological processes that maintain population fitness for 
benthic macroinvertebrates (Przeslawski et al. 2008). Projections of climate change-induced loss of 
corals are numerous, yet they are heavily focused on the identification of locations that are likely to 
experience bleaching (e.g. Donner et al. 2009; van Hooidonk et al. 2015; van Hooidonk et al. 2016). 
Consequently, our understanding of climate change impacts on the overall modification of 
environmental suitability of the coral reef ecosystem remains limited (Freeman et al. 2013; 
Descombes et al. 2015). Climate change impact projections and current measures of disturbance 
responses are also skewed toward the evaluation of community-level feedbacks (e.g. Heron et al. 
2016; Hughes et al. 2017). The paucity of species- or group-specific information on environmental 
tolerance limits and disturbance responses hampers the differentiation of coral species that are 
resilient or vulnerable to changing climatic conditions and hinders accurate predictions of species 
range dynamics under climate change.  
 
Here, we examine the spatial patterns of taxon-specific environmental suitability of eastern Australia 
for scleractinian corals. To achieve this, we characterise species-specific environmental niche spaces 
based on the species’ current geographic ranges and environmental conditions therein. We also use a 
range of future climate change scenarios to project changes in environmental suitability of eastern 
Australia for scleractinian corals. Together, we highlight how taxonomic variability in environmental 
tolerance limits affects species range dynamics under climate change. 
 
3.2 Material and Methods 
3.2.1 Data 
To quantify environmental niche spaces for scleractinian species that occur along the east coast of 
Australia, we first gathered global scleractinian occurrence data from Huang & Roy (2015). Their 
dataset is an ecoregion-scale compilation of scleractinian occurrence records from the literature and 
global databases (Carpenter et al. 2008; Veron et al. 2009; Veron et al. 2011; Hughes et al. 2013). 
Species occurrence information in this dataset was collected from shallow reefs and slopes, and the 
mesophotic diversity that occurred beyond 40 m in depth was not measured. Species occurrence data 
for new taxa (e.g. Schmidt-Roach et al. 2013; Baird et al. 2017) were added to the dataset. We then 
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limited the dataset to species that occurred in eastern Australia. Subsequently, the species pool was 
restricted to the top five genera with the highest cumulative relative abundance across eastern 
Australia (Acropora, Goniastrea, Pocillopora, Porites, and Turbinaria; n = 118). The genus 
Goniastrea here includes recently revised species Paragoniastrea australensis (Huang et al. 2014). 
 
The environmental niche space for each scleractinian species was measured using long-term 
environmental parameters that exhibited strong associations with scleractinian species diversity in 
previous studies: sea surface temperature, solar irradiance, salinity, primary production (chlorophyll 
a), and surface current velocity (Dana 1843; Wells 1957; Veron 1995; Hughes et al. 2002; Sommer 
et al. 2018). Environmental parameters were obtained from Bio-ORACLE ver. 2 at 25 km resolution 
(Assis et al. 2017). The extracted environmental parameters were summarised by taking ecoregion-
scale long-term averages of the parameters for each coral ecoregion (Veron et al. 2009). We restricted 
the ecoregions to coastal areas (within 25 km from coastlines, and island and reef boundaries) using 
the Natural Earth’s land and reef maps (https://www.naturalearthdata.com) in order to avoid the parts 
of ecoregions that were uninhabitable for zooxanthellate scleractinians (e.g. open ocean). Pairwise 
collinearity and multicollinearity of environmental parameters were checked using Pearson’s 
correlation coefficient and variance inflation factor (VIF) with cut-offs of r = ±0.65 and VIF = 3, 
respectively (Fig. 3.3; Craney & Surles 2002). All analyses in this chapter were conducted in R (R 
Core Team, 2018). 
 
3.2.2 Characterising environmental niche space and measuring environmental marginality 
To measure the extent of environmental niche space for each scleractinian species, environmental 
conditions in which the species occurred were first extracted from the global summary of ecoregion-
scale environmental parameters. The taxon-specific multivariate environmental space was then 
transformed into a two-dimensional space by calculating the first two principal components (PC) of 
the environmental variables. The first and second PC axes captured 77 (global) and 99% (regional) 
of the total variation in environmental conditions for scleractinian corals. The taxon-specific centre 
of environmental niche space was computed as the centroid of the convex hull that shaped the species’ 
niche space. The coordinates that defined the convex hulls were determined using the 
‘QUICKERSORT’ algorithm implemented in the base R’s ‘chull’ function (Eddy 1977). We then 
calculated the Euclidean distance between the taxon-specific centre of environmental niche space and 
the environmental coordinates of the study sites (hereafter niche centroid distance; Kriticos et al. 
2014; Dallas et al. 2017). We also measured the distance between the environmental coordinates of 
the study sites and the nearest edge of the species’ environmental niche (hereafter niche marginality; 
Pearson’s ρ between niche centroid distance and niche marginality = -0.48, p < 0.001). We then 
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computed the ratio between niche centroid distance and marginality (hereafter Nc/Nm) to account for 
both niche centrality and marginality (see Santini et al. 2018), and used the metric in models to 
represent the centrality and marginality of environmental coordinates of the study sites. Nc/Nm metric 
also ranges between 0 and 1. Nc/Nm = 0 indicates environmental conditions at the niche centroid, 
whereas Nc/Nm = 1 is equivalent to marginal environmental conditions that define the boundaries of 
niche spaces. Our metric of niche centrality and marginality assumes a uniform decay of niche 
suitability from the niche centre to the niche boundaries because species-specific fitness kernels for 
environmental parameters used in this study are not available for most scleractinian corals, and the 
available kernels are taxonomically biased (Madin et al. 2016). 
 
To test if the genera occupied different environmental spaces, we compared environmental niche 
spaces of the genera using Schoener’s D (Schoener 1970; Broennimann et al. 2012) implemented in 
the ‘ecospat’ package (Di Cola et al. 2017). Schoener’s D compares probability distributions of spatial 
occurrence between two entities (i.e. genera) and ranges between 0 (no overlap) and 1 (identical space 
occupied by the two entities). 
 
3.2.3 Climate change simulations 
We also evaluated the change in taxon-specific environmental suitability of the study sites under a 
range of global warming scenarios. We simulated an increase in sea surface temperature (SST) from 
the current condition to +2°C, in increments of 0.1°C. The increments were added to each spatial grid 
and then summarised into the ecoregion-scale mean. For each temperature simulation, taxon-specific 
niche centroid distance, niche marginality, and the Nc/Nm metric were computed, and the ratio 
between the current and simulated Nc/Nm was calculated to compare the change in environmental 
suitability. The ratio of 1 indicates no change in the environmental suitability regardless of the change 
in SST. A ratio greater than 1 indicates an increase in environmental distance with the corresponding 
change in SST (i.e. a decline in environmental suitability). A ratio between 0 and 1 suggests a decline 
in environmental distance with the corresponding change in SST (i.e. an improvement in 
environmental suitability). The overall pattern was measured by calculating a taxon-specific 
Pearson’s correlation coefficient between the temperature gradient and the ratio between the current 
and simulated Nc/Nm. Positive correlation coefficients suggest an overall decline in environmental 
suitability with increasing SST, whereas negative correlation coefficients indicate an overall 
improvement in environmental suitability with increasing SST. 
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3.3 Results 
3.3.1 Environmental niche differences among taxa 
Locations of environmental niche centroids did not differ considerably among the examined genera 
(Fig. 3.1). Among the environmental parameters, long-term mean SST was the strongest determinant 
of environmental niche centroids for the examined genera (denoted as ‘Temperature’ in Fig. 3.1). The 
range of environmental conditions inhabited by the five genera were comparable to each other, with 
no genus exhibiting significantly greater environmental niche area (Table 3.1). Environmental niche 
space occupied by the species present across survey sites overlapped significantly among genera, 
with the exception of the genus Pocillopora (Table 3.2). In particular, Schoener’s D values for all 
pairwise genus combinations were above 0.95, except the pairwise combinations including 
Pocillopora, which fell below 0.4 (Table 3.2). This exception stems from the distinctive 
environmental conditions occupied by a regional Pocillopora species (P. aliciae; outlier Pocillopora 
in Fig. 3.1). 
 
 
Figure 3.1. Taxon-specific environmental niche centroids. The dots indicate locations of 
environmental niche centroids for all scleractinian species within genera Acropora, Goniastra 
(including Paragoniastrea), Pocillopora, Porites, and Turbinaria occurring in eastern Australia. 
Ellipsoids are the dispersion ellipses supported by 95% confidence.   
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3.3.2 Climate change scenarios 
The impact of increasing ocean temperature on the environmental suitability of eastern Australia also 
varied among species and genera (Fig. 3.2; results for full species list in Table 3.3). Specifically, 
31.9% of Acropora, 42.9% of Goniastrea, 44.4% of Pocillopora, 57.9% of Porites, and 0% of 
Turbinaria were predicted to experience declines in environmental suitability of current habitats 
under warming conditions. In contrast, environmental suitability improved with increasing SST for 
9.7% of Acropora, 0% of Goniastrea, 22.2% of Pocillopora, 0% of Porites, and 45.5% of Turbinaria. 
The remaining 58.4% of Acropora, 57.1% of Goniastrea, 33.4% of Pocillopora, 42.1% of Porites, 
and 54.5% of Turbinaria showed neither an increase nor a decrease in environmental suitability with 
increasing SST. 
 
 
 
Figure 3.2. The taxon-specific change in environmental suitability of current habitats on the east coast 
of Australia under climate change. The metric ρ indicates the correlation between the simulated 
change in SST (between current condition to +2°C, in increments of 0.1°C) and the taxon-specific 
change in the environmental niche centroid to marginality ratio. Positive ρ suggests an overall 
reduction in environmental suitability and negative ρ an overall improvement in environmental 
suitability with an increase in SST. The ρ values were binned in increments of 0.2 between -1 and 1 
for visual purposes. Each bar represents the proportion of each genus in the corresponding ρ bin. 
Blue, orange, green, red, and brown colours indicate species within the genus Acropora, Goniastrea 
(including Paragoniastrea), Pocillopora, Porites, and Turbinaria, respectively. Bars depicted in 
corresponding genus colour-identifier represent the significant proportions of the genus in the 
corresponding ρ bins, whereas grey bars represent non-significant proportions. 
 
 84 
3.4 Discussion 
3.4.1 Taxon-specific characteristics of environmental niche spaces 
Contrary to our expectations, environmental niche spaces of the examined genera largely overlapped 
each other, with the exception of Pocillopora. This distinction was heavily influenced by the 
subtropical endemic P. aliciae whose geographic range was limited to the high-latitude eastern 
Australia, and other Pocillopora species shared environmental niche spaces with the four other 
genera. We provide two explanations for the similarity in environmental niche spaces among the five 
genera. 
 
The similarity in environmental niche spaces among the five genera implies overall little difference 
in genus-level differences in environmental affinity. While some coral species on the east coast of 
Australia are geographically restricted to a particular region due to their environmental tolerance 
limits (Sommer et al. 2014; Mizerek et al. 2016), other members of the five genera occur over a large 
geographic range (Veron 2000; DeVantier & Turak 2017). Therefore, the similarity in environmental 
niche spaces among the five genera may have been influenced by the coarse taxonomic resolution 
(i.e. genus-level). Species-level comparisons in environmental niche spaces may provide insights into 
species-specific characteristics of environmental niche spaces despite the difficulty in field species 
identification.  
 
Alternatively, the discrepancy in spatial resolutions of species occurrence and environmental data 
could have caused the similarity in environmental niche spaces among the five genera. The coral 
ecoregions were designated based on geographic similarities in assemblage compositions (Veron et 
al. 2009; Veron et al. 2015). Therefore, each ecoregion contains numerous reefs that can be 
environmentally dissimilar to each other, and geographic coordinate-based species occurrence and 
environmental data may be more suitable for characterising taxon-specific environmental niche 
spaces. Unfortunately, geographic coordinate-based species datasets are not panacea to the spatial 
resolution issue for two reasons. First, geographic coordinate-based species occurrence datasets are 
taxonomically biased for scleractinian corals. The most comprehensive geographic coordinate-based 
species occurrence dataset for scleractinian corals is the Ocean Biogeographic Information System 
dataset (OBIS 2018), yet the dataset does not have species distribution information of 72 species that 
occur on the east coast of Australia (72 out of a total of 451 species = 16% of total species pool). 
Second, geographic coordinate-based species occurrence datasets can be spatially biased, and such 
sampling bias can lead to erroneous inferences (Leles et al. 2019). The OBIS data for scleractinian 
corals along the east coast of Australia are heavily concentrated on the Great Barrier Reef (GBR), 
and information beyond the GBR is sparse. Consequently, environmental conditions from high-
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latitude locations for many species will be disregarded despite their known geographic ranges, and 
environmental niche spaces for widespread species will be likely biased. More consistency in the 
distribution of geographic coordinate-based species occurrence data will certainly improve the 
characterisation of taxon-specific environmental niche spaces.  
 
3.4.2 Habitat quality modifications under global warming scenarios 
The range modification strategy that minimises population loss differs among species as the ability 
to track suitable environmental conditions or adapt to new environmental and ecological 
configurations is widely variable among species (Sexton et al. 2009; Gilman et al. 2010; Maggini et 
al. 2011; Lenoir & Svenning 2015; Donelson et al. 2019). The results of climate change simulations 
were variable among species, suggesting that range modification strategies to minimise population 
loss under warming conditions are similarly taxon-specific for scleractinian corals. In particular, the 
environmental suitability of current localities in eastern Australia declined with an increase in SST 
for many coral species regardless of their genus. Similar reductions in the habitability of ecosystems 
under climate change have been observed among other taxonomic groups and resulted in altered 
species abundance patterns (Parmesan 2006; Sexton et al. 2009). While many species were able to 
track the rate and direction of movement in habitable environmental conditions (i.e. climate velocity; 
Thomas & Lennon 1999; van Herk et al. 2002; Whitfield et al. 2007; Moritz et al. 2008; Chen et al. 
2009; Johnson et al. 2011; Last et al. 2011; Pinsky et al. 2013; García Molinos et al. 2015; Lenoir & 
Svenning 2015), others unable to follow suitable environmental conditions or adapt to new local 
conditions have suffered significant population declines (Parmesan 2006; Jackson & Sax 2010). 
Corals exposed to reduced environmental suitability under warming conditions will similarly need to 
track their environmental niches or acclimatise to new environmental configurations in order to 
maintain their populations (theoretical model in Donelson et al. 2019). 
 
Climate change also leads to an improvement in environmental suitability for some species. 
Interestingly, these include regional Acropora and Pocillopora species that occur over narrower 
geographic ranges and have smaller environmental niches than the species that are predicted to 
experience reductions in environmental suitability with an increase in SST (Table 3.4). In addition, 
few Turbinaria species are predicted to benefit from warming conditions (Table 3.3). These species 
are globally widespread; therefore, the thermal conditions at their range peripheries (high-latitudes) 
will resemble those of their range cores under global warming. These species may be able to further 
expand their ranges toward the poles. Similar examples of an improvement in environmental 
suitability of an ecosystem under warming conditions are rare, but exist. For instance, the abundance 
of temperate shrubs (Sturm et al. 2001) and vascular plants (Smith 1994) in polar regions increased 
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dramatically under warming conditions as environmental conditions of these marginal ecosystems 
became more suitable for survival. The contrast in taxon-specific responses to an increase in SST 
highlights the need for long-term measurements of changes in community dynamics. Taxon-specific 
changes in environmental suitability under climate change inevitably affect biotic interactions and 
alter community compositions, yet these processes are seldom manifested over short periods of time 
(Fukami & Nakajima 2011; Singer et al. 2016). For example, while species that experience improved 
environmental suitability in warmer oceans may be able to utilise the physical space vacated by other 
species, they will likely be subjected to new biotic interactions as community dynamics are being 
transformed by range shifting species. Mechanistic understanding of the interplay between taxon-
specific responses to climate change and subsequent changes in biotic interactions remains lacking 
and requires further research (Thuiller et al. 2015; Singer et al. 2016; Hobbs et al. 2018). 
 
3.4.2 Conclusion and outlook 
The search for a general relationship between patterns of species distribution and environmental 
conditions has attracted ecologists since the progenitors of contemporary ecological theories, yet the 
probability of confirming such generality has declined continuously with an increasing number of 
empirical studies underscoring taxonomic heterogeneity in species distribution patterns across 
environmental spaces (Sagarin & Gaines 2002; Sagarin et al. 2006; Dallas et al. 2017). Patterns found 
among scleractinian corals in eastern Australia highlighted the similarity in environmental niche 
spaces among coral genera. We further revealed that range modification strategies to minimise 
potential population loss under climate change differed among coral species. In particular, range 
modifications of corals in warming oceans are determined by the intrinsic environmental niche space 
occupied by each coral species and likely by the suite of life-history traits that affect their ability to 
track changing climatic conditions. While this study provides information on the former, the linkages 
between life-history traits and the ability of corals to track or evolve their environmental niches 
remains underexplored. For example, recent studies also showed that local adaptation via phenotypic 
plasticity and/or genotypic adaptation (including epigenetic mechanisms; e.g. Hughes et al. 2019) 
might help scleractinian corals to evolve their environmental niches and to counterbalance the 
negative impact of declining environmental suitability under climate change (e.g. Edmunds et al. 
2014). In addition, species with mutualistic interactions, like zooxanthellate scleractinians, often 
show complexity in niche tracking as the ability to follow suitable niche conditions can differ between 
the species involved in the interactions (Brooker et al. 2007). Corals suffer critical fitness reductions 
and mortality without their endocellular dinoflagellates as these symbionts provide coral hosts with 
the resources required for survival (Glynn 1984; Jokiel & Brown 2004; Baker et al. 2008). Future 
work should therefore evaluate how phenotypic plasticity and genotypic adaptations enhance the 
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ability of corals to persist under climate change, and how the partnership between coral hosts and 
their symbionts affects their ability to track climate velocity. While the variability in taxon-specific 
range modification strategies to minimise population loss under climate change found in this study 
points to considerable reorganisation of coral assemblages on regional to global scales, this also 
supports the notion that taxonomic variability in biological responses and resilience to climate change 
likely enhances the capacity of coral reef ecosystem to persist under climate change (Pandolfi et al. 
2011; Graham et al. 2014; García Molinos et al. 2015; Pandolfi 2015). 
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Figure 3.3. Pearson’s correlation coefficients between environmental and geographic parameters.
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Table 3.1. Post-hoc pairwise comparisons of environmental niche area between coral genus pairs 
using Tukey’s test. 
Comparison Estimate Low CI High CI Adjusted p 
Goniastrea-Acropora 0.02997801 -0.0008192 0.06077521 0.06041846 
Pocillopora-Acropora -0.0085293 -0.0360315 0.01897295 0.91085864 
Porites-Acropora -0.0031029 -0.0231657 0.01695981 0.99286438 
Turbinaria-Acropora 0.01288477 -0.0122972 0.03806672 0.61710572 
Pocillopora-Goniastrea -0.0385073 -0.0777088 0.00069421 0.05674867 
Porites-Goniastrea -0.033081 -0.0674742 0.00131234 0.06548646 
Turbinaria-Goniastrea -0.0170932 -0.0547033 0.0205168 0.71608971 
Porites-Pocillopora 0.00542634 -0.0260507 0.03690338 0.9892164 
Turbinaria-Pocillopora 0.02141404 -0.0135491 0.05637717 0.43934594 
Turbinaria-Porites 0.01598771 -0.0134837 0.04545908 0.56210481 
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Table 3.2. Pairwise test results of environmental niche overlap between coral genus pairs using 
Schoener’s D and Hellinger’s I. 
Comparison Schoener’s D Hellinger’s I 
Acropora-Goniastrea 0.97074839 0.99943572 
Acropora-Pocillopora 0.36469022 0.60360296 
Acropora-Porites 0.97720955 0.99956456 
Acropora-Turbinaria 0.9709972 0.99934481 
Goniastrea-Pocillopora 0.36469022 0.60290998 
Goniastrea-Porites 0.95460438 0.99833296 
Goniastrea-Turbinaria 0.98892394 0.99990796 
Pocillopora-Porites 0.36469022 0.60360385 
Pocillopora-Turbinaria 0.36469022 0.60282644 
Porites-Turbinaria 0.95200113 0.99804049 
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Table 3.3. Change in environmental suitability of current habitats in eastern Australia under warming 
conditions. Positive correlation coefficient values indicate an overall decline in environmental 
suitability under warming conditions. Negative correlation coefficient values suggest an overall 
improvement in environmental suitability with increasing SST. 
Species Correlation 
coefficient 
p 
Acropora abrotanoides -0.1403216 0.09820601 
Acropora aculeus -0.1406479 0.0974189 
Acropora acuminata -0.1405396 0.09767958 
Acropora anthocercis -4.52E-05 0.99954759 
Acropora aspera -0.1410349 0.09649175 
Acropora austera 0.00286033 0.97526519 
Acropora carduus 0.00048313 0.99660642 
Acropora caroliniana 0.49997033 < 0.001 
Acropora cerealis -1.38E-05 0.99988076 
Acropora chesterfieldensis -0.4995579 < 0.001 
Acropora clathrata 0.1427963 0.09236016 
Acropora cytherea -0.1404726 0.09784098 
Acropora dendrum 0.49996469 < 0.001 
Acropora digitifera -4.54E-05 0.99954539 
Acropora divaricata -0.1410487 0.09645887 
Acropora donei 0.00288554 0.97504726 
Acropora echinata 0.00065912 0.99537022 
Acropora elegans 0.99546498 < 0.001 
Acropora elseyi 0.49994406 < 0.001 
Acropora florida -6.66E-06 0.99994238 
Acropora gemmifera 0.00239272 0.97930792 
Acropora glauca -0.1428967 0.09212898 
Acropora grandis 0.00296913 0.97432463 
Acropora granulosa 0.49993322 < 0.001 
Acropora horrida 0.002026 0.97971498 
Acropora humilis -0.140367 0.09809618 
Acropora hyacinthus -4.58E-05 0.99954147 
Acropora insignis -0.9996508 < 0.001 
Acropora intermedia -0.1404366 0.0979279 
 99 
Acropora kirstyae 0.49455333 < 0.001 
Acropora latistella -0.1408494 0.09693534 
Acropora listeri -0.2499936 0.00143171 
Acropora lokani -0.9998449 < 0.001 
Acropora longicyathus 0.49993168 < 0.001 
Acropora loripes 0.1999747 0.04606438 
Acropora lovelli 0.49989574 < 0.001 
Acropora lutkeni -0.1403016 0.09825431 
Acropora microclados 0.24988238 0.00143898 
Acropora microphthalma 0.49993324 < 0.001 
Acropora millepora -0.140528 0.09770734 
Acropora mirabilis -0.9996252 < 0.001 
Acropora monticulosa 0.49995457 < 0.001 
Acropora multiacuta 0.49974396 < 0.001 
Acropora muricata -0.140501 0.09777254 
Acropora nana 0.00273404 0.976357 
Acropora nasuta -4.90E-05 0.99950961 
Acropora palmerae -0.4264975 < 0.001 
Acropora paniculata 0.00039428 0.99723049 
Acropora papillare -0.00131 0.99359899 
Acropora polystoma 0.49993914 < 0.001 
Acropora pulchra 0.49993882 < 0.001 
Acropora robusta -0.1403965 0.09802483 
Acropora rosaria 0.48658021 4.73E-06 
Acropora samoensis 0.00266539 0.97695049 
Acropora sarmentosa -0.140502 0.09777025 
Acropora secale -0.1405332 0.09769492 
Acropora selago -4.52E-05 0.99954728 
Acropora solitaryensis -0.1428606 0.09221193 
Acropora spathulata -0.5000474 < 0.001 
Acropora speciosa -0.0002529 0.99876416 
Acropora spicifera 0.9998837 < 0.001 
Acropora subglabra 0.49998178 < 0.001 
Acropora subulata -0.1410811 0.0963816 
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Acropora tenella 0.99943637 < 0.001 
Acropora tenuis 0.49993156 < 0.001 
Acropora torresiana 0.33296392 0.00933579 
Acropora valenciennesi 0.49994354 < 0.001 
Acropora valida 0.00049091 0.99508439 
Acropora vaughani 3.91E-05 0.99980904 
Acropora verweyi -0.1409293 0.0967441 
Acropora willisae 0.20001269 0.0460222 
Acropora yongei -0.1407495 0.09717464 
Goniastrea aspera 0.49994809 < 0.001 
Goniastrea australensis -4.53E-05 0.99954642 
Goniastrea edwardsi 0.49994874 < 0.001 
Goniastrea favulus -4.79E-05 0.99951988 
Goniastrea palauensis 0.0040755 0.95920798 
Goniastrea pectinata 0.00162168 0.98376261 
Goniastrea retiformis 0.49994684 < 0.001 
Pocillopora aliciae -0.9997121 < 0.001 
Pocillopora ankeli 0.99986912 < 0.001 
Pocillopora damicornis 0.00049364 0.99505701 
Pocillopora danae -0.9993848 < 0.001 
Pocillopora eydouxi 0.49994714 < 0.001 
Pocillopora kelleheri 0.07458377 0.51084977 
Pocillopora meandrina 0.49994819 < 0.001 
Pocillopora verrucosa -5.79E-06 0.99994995 
Pocillopora woodjonesi 0.3333059 0.00925899 
Porites annae 0.00086381 0.99393254 
Porites australiensis 0.00205313 0.97944343 
Porites cylindrica 0.49997865 < 0.001 
Porites deformis 0.49862178 < 0.001 
Porites densa 0.00118007 0.99171111 
Porites evermanni 0.33327837 0.00926515 
Porites heronensis 0.20442978 0.00951362 
Porites lichen 0.49993297 < 0.001 
Porites lobata -1.15E-05 0.99990053 
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Porites lutea -4.71E-05 0.99952873 
Porites mayeri 0.00050703 0.99643852 
Porites monticulosa 0.49993716 < 0.001 
Porites murrayensis 0.33326318 0.00019969 
Porites myrmidonensis -0.0002461 0.99827163 
Porites nigrescens 0.49994373 < 0.001 
Porites rus 0.49993638 < 0.001 
Porites solida 0.49993553 < 0.001 
Porites stephensoni 0.00011212 0.99945218 
Porites vaughani 0.4999399 < 0.001 
Turbinaria bifrons -0.3333125 0.00019923 
Turbinaria conspicua -0.0016917 0.991734 
Turbinaria frondens -4.49E-05 0.99955014 
Turbinaria heronensis -0.4271791 < 0.001 
Turbinaria irregularis -0.9999226 < 0.001 
Turbinaria mesenterina -0.249994 0.00143168 
Turbinaria patula 0.00415126 0.95845042 
Turbinaria peltata -4.48E-05 0.99955115 
Turbinaria radicalis -0.253137 0.00123956 
Turbinaria reniformis -0.1428511 0.09223389 
Turbinaria stellulata -0.1409029 0.09680706 
 
 
  
 102 
Table 3.4. Comparison of geographic range size, environmental niche space size, and latitude between 
coral species that exhibited an improvement in environmental suitability of current habitats with an 
increase in SST and coral species that might suffer a decline in environmental suitability of current 
habitats with an increase in SST. 
Comparison Genus 
Improvement 
group mean 
Decline group 
mean 
p 
Geographic area Acropora 284.729037 479.52595 0.00072447 
Niche area Acropora 0.03834205 0.04920191 0.26804191 
Latitude Acropora -3.4233228 -4.4000634 0.44486327 
Geographic area Pocillopora 153.870118 532.792958 0.01064295 
Niche area Pocillopora 0.01059814 0.05828518 0.00836695 
Latitude Pocillopora -19.904813 -1.9374108 0.04458625 
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Abstract 
Environmental anomalies that trigger adverse physiological responses and mortality are occurring 
with increasing frequency due to climate change. At species’ range peripheries, environmental 
anomalies are particularly concerning because species often exist at their environmental tolerance 
limits and may not be able to migrate to escape unfavourable conditions. Here, we investigated the 
bleaching response and mortality of 14 coral genera across high-latitude eastern Australia during a 
global heat stress event in 2016. The level of cumulative heat stress was considerably lower among 
high-latitude coral assemblages compared to the heat stress that corals experienced on nearby tropical 
reefs, yet bleaching response was prevalent among the high-latitude coral assemblages. We evaluated 
whether the severity of assemblage-scale and genus-level bleaching responses was associated with 
cumulative heat stress and/or local environmental history, including long-term mean temperatures 
during the hottest month of each year (SSTLTMAX), and annual fluctuations in water temperature 
(SSTVAR) and solar irradiance (PARZVAR). The most severely-bleached genera included species that 
were either endemic to the region (Pocillopora aliciae) or rare in the tropics (e.g. Porites heronensis). 
Pocillopora spp., in particular, showed high rates of immediate mortality. Bleaching severity of 
Pocillopora was high where SSTLTMAX was low or PARZVAR was high, whereas bleaching severity 
of Porites was directly associated with cumulative heat stress. While many tropical Acropora species 
are extremely vulnerable to bleaching, the Acropora species common at high latitudes, such as A. 
glauca and A. solitaryensis, showed little incidence of bleaching and immediate mortality. Two other 
regionally-abundant genera, Goniastrea and Turbinaria, were also largely unaffected by the thermal 
anomaly. The severity of assemblage-scale bleaching responses was poorly explained by the 
environmental parameters we examined. Instead, the severity of assemblage-scale bleaching was 
associated with local differences in species abundance and taxon-specific bleaching responses. The 
marked taxonomic disparity in bleaching severity, coupled with high mortality of high-latitude 
endemics, point to climate-driven simplification of assemblage structures and progressive 
homogenisation of reef functions at these high-latitude locations.   
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4.1 Introduction 
The distribution of global biodiversity is undergoing substantial modifications as climate change 
accelerates and environmental anomalies become more frequent and severe (Sala et al. 2000; 
Parmesan & Yohe 2003; Cheung et al. 2009; Butchart et al. 2010). One such climate-driven 
reconfiguration of global biodiversity during interglacial periods is linked to the propensity for cold-
adapted species to migrate further toward the poles or to contract their distributions to range cores 
and for warm-adapted species to move toward range peripheries or to pursue ex situ refugia. This 
phenomenon, also termed ‘tropicalisation’ of high-latitude communities, is prevalent in both 
geological (Greenstein & Pandolfi 2008; Stewart et al. 2010; Gavin et al. 2014) and contemporary 
records (Parmesan & Yohe 2003; Chen et al. 2011; Wernberg et al. 2016; Vergés et al. 2019), 
highlighting the significance of high-latitude regions in the persistence of many species under climate 
change. Interestingly, introduction of tropical species into high-latitude communities is not the only 
driver of contemporary changes in high-latitude community compositions. Climate-mediated changes 
in species interactions following the introduction of vagrant species into high-latitude communities 
(Visser 2008; Kumagai et al. 2018; Smale et al. 2019; Vergés et al. 2019) and local rearrangements 
of species abundance (Tuckett et al. 2017) can outweigh the direct influence of species range shifts 
on the changes in contemporary high-latitude community compositions. As such, understanding of 
the direct effects of progressive warming (e.g. gradual influx of tropical species), as well as the 
indirect effects of climate-mediated changes in species interactions and niche availability (e.g. the 
persistence and proliferation of resident high-latitude species) is fundamental to predicting changes 
in high-latitude communities. 
 
While the tropicalisation of high-latitude communities is primarily driven by the direct and indirect 
effects of progressive warming, acute thermal anomalies impose punctuated stress events that further 
alter the dynamics of resident high-latitude species (Smale et al. 2019). A common trend observed 
among high-latitude marine communities under progressive warming is a regime shift in foundation 
species from cold-adapted macroalgae to scleractinian corals (Vergés et al. 2014; Kumagai et al. 
2018; Smale et al. 2019; Vergés et al. 2019). Notwithstanding their increasing abundances, 
scleractinian corals at high-latitudes are also vulnerable to acute heat stress. Similar to their tropical 
congeners, high-latitude corals suffer coral bleaching under thermal conditions that exceed long-term 
local averages (Cook et al. 1990; Celliers & Schleyer 2002; Dalton & Carroll 2011). The impacts of 
bleaching in the tropics have been well-documented over the past three decades, and recent increases 
in the frequency of mass bleaching events have caused large-scale mortality among corals on tropical 
reefs (Hughes et al. 2017). While high-latitude coral assemblages along the coasts of Australia, the 
Atlantic, Japan, and South Africa have also experienced varying degrees of bleaching in previous 
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years, the overall frequency of mass bleaching events has been considerably lower than in the tropics 
(Cook et al. 1990; Loya et al. 2001; Abdo et al. 2002; Schleyer et al. 2008; Dalton & Carroll 2011; 
Harrison et al. 2011; Hongo & Yamano 2013).  
 
Similar to tropical reefs (Hughes et al. 2018b), bleaching at high-latitudes is characterised by 
taxonomic differences in bleaching susceptibility and mortality, which can lead to changes in 
assemblage structure (Loya et al. 2001; Floros et al. 2004; Dalton & Carroll 2011; Hongo & Yamano 
2013). Unfortunately, high-latitude regions are predicted to experience greater heat stress than the 
tropics over the coming decades (Wu et al. 2012; Hobday & Pecl 2013), which is likely to result in 
increasingly frequent and intense regional bleaching events (van Hooidonk et al. 2013; Heron et al. 
2016; van Hooidonk et al. 2016). However, unlike their tropical counterparts, poleward range shifts 
and/or expansions are unlikely for many high-latitude coral species because suitable habitats are 
progressively unavailable toward the poles, such as in the high-latitude east coast of Australia and 
South Africa (Harriott & Banks 2002; Schleyer et al. 2018; but see Greenstein & Pandolfi 2008; 
Richards et al. 2016; Booth & Sears 2018). Similar to other taxonomic groups (Parmesan 2006; 
Jablonski 2008), many high-latitude corals may therefore contract their geographic ranges and be 
more prone to extinction as their habitats become unsuitable under climate change and/or they are 
unable to compete with incoming vagrant species. Understanding the effects of punctuated stress 
events (e.g. thermal anomalies leading to bleaching) on high-latitude coral assemblages provides 
critical insights into the emerging changes in high-latitude community configurations over the coming 
decades. 
 
In this study, we focus on the high-latitude coral assemblages of coastal eastern Australia that harbour 
diverse yet spatially patchy coral assemblages (Harriott & Banks 2002; Dalton & Roff 2013; Sommer 
et al. 2017). These assemblages are inhabited by a subset of species from the nearby, tropical Great 
Barrier Reef (GBR) to the north, and by subtropical specialists that are either rare in the tropics or 
endemic to the region (Veron, 2000; Schmidt-Roach et al. 2013; Baird et al. 2017; other taxonomic 
groups - Janzen 1967; Tewksbury et al. 2008). These coral assemblages are increasingly susceptible 
to environmental stress as bleaching and disease outbreaks are becoming more common under climate 
change (Dalton et al. 2010; Dalton & Carroll 2011). During one of the harshest heat stress events 
recorded in the region, the northern and central GBR suffered severe bleaching in 2016 (Hughes et 
al. 2017). Here, we assess the impact of this heat stress event on the high-latitude coral assemblages 
across 22 locations extending south of the GBR. Specifically, we investigate the relative contributions 
of cumulative heat stress and local environmental history to the severity of assemblage-scale and 
taxon-specific bleaching responses. Further, we quantify the importance of taxonomic composition 
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to assemblage-scale bleaching severity measurements. Lastly, we discuss how taxonomic variability 
in bleaching vulnerability and immediate mortality, coupled with geographic patterns in species 
composition, may lead to a reorganisation of high-latitude coral assemblages. Together, the findings 
from this study improve our knowledge of the vulnerability of high-latitude corals under climate 
change. 
 
4.2 Materials and methods 
4.2.1 Bleaching surveys and response metrics 
We surveyed a total of 8,952 coral colonies across 22 sites along the subtropical east coast of Australia 
spanning 26°S to 31°S (Fig. 4.1) between April and May 2016, using rapid underwater assessment 
methods described below. The timing of our April survey coincided with the peak of heat stress at 19 
of the survey sites. Three additional sites (Black Rock, Cook Island, and Julian Rocks) were surveyed 
in May, within six weeks of maximum heat stress. At each site, a 1 m2 quadrat was placed every 5 m 
along three or four 25 m belt transects, laid at a depth between 3 and 13 m depending on the slope 
profile and the availability of substrates where we could place our transects. In each quadrat, all coral 
colonies were identified to the genus level. Recent changes to the nomenclature of regional species 
(Table 4.1) included divisions and synonymy of a few genera (Budd et al. 2012; Huang et al. 2014a; 
Huang et al. 2014b; Arrigoni et al. 2016). Members of the synonymised genera showed minimal 
bleaching severity and no immediate mortality, suggesting negligible impact of taxonomic updates 
on bleaching patterns found among the synonymised genera (Table 4.2). The health of each colony 
was visibly assessed in situ and scored as a categorical variable with five levels: (0) no visible 
bleaching, (1) 1-20% of the colony bleached, (2) 21-50% bleached, (3) 51-80% bleached, and (4) 81-
100% bleached. Pigmentation patterns of a coral can differ depending on environmental conditions 
and location (Brown et al. 1999; Fitt et al. 2000; Wallace et al. 2009). Therefore, signs of 
pigmentation, such as a mottled or pale appearance, were not included in the bleaching severity 
measurements, providing a conservative estimate of bleaching responses. Coral colonies were scored 
as ‘recently dead’ (i.e. immediate post-bleaching mortality) when live tissue was lost completely from 
the skeleton and an initial colonisation of turf algae was evident. 
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Figure 4.1. Survey locations along the subtropical east coast of Australia spanning 26°S to 31°S. 
Black dots mark the location of each survey site and red polygons indicate the known presence of 
coral assemblages. 
 
The severity of the bleaching response for each coral genus was calculated for each survey replicate 
as the weighted mean of the five health assessment categories (0-4, detailed above), adjusted by the 
proportion of coral colonies in each category (i.e. bleaching index – measure of taxon-specific 
bleaching response; modified from McClanahan et al. 2004; Eq. 1);  
"#$%&ℎ()*	(),$-	("/) = 1) − 145(	 ∗	-78 9:;<7=> ,@ℎ$A$	8 = 4-7:;<7=> 	(Eq. 1)	 
where n is the number of health assessment categories (n = 5 in this study), with an increase in the 
category value (i) indicating an increase in bleaching severity, and xi is the number of coral colonies 
in the ith category. A bleaching index value of 0 indicates none of the colonies are affected by 
bleaching, and a value of 1 indicates that all colonies within a genus were affected under the highest 
severity category. To obtain an estimate of site-level bleaching severity, we used the site susceptibility 
index (SSI – measure of assemblage-scale bleaching response) that considers the regional BI of each 
genus and weights the relative abundance of each genus present at a specific site (modified from 
McClanahan et al., 2007b; Eq. 2);  E(F$	GHG&$IF(J(#(FK	(),$-	(EE/) = 4LMNOP ∗ -7Q ∗ 1008:7=< , @ℎ$A$	8 = 4-7:7=< 	(Eq. 2) 
where n is the number of taxa (i.e. genera) present at a site, MNOPis the mean bleaching index for the 
ith taxon across the region, and xi is the number of coral colonies for the ith genus at the site. Unlike 
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the bleaching index, the site susceptibility index does not have a maximum positive value limit. 
Higher SSI values indicate higher assemblage-scale susceptibility, and 0 SSI suggests no colonies at 
the site were affected, irrespective of the taxonomic composition of the assemblage. 
 
4.2.2 Environmental data 
To examine the effects of local-scale variability in cumulative heat stress and of long-term 
environmental parameters on assemblage-scale and taxon-specific bleaching responses, we compiled 
a suite of remote sensing satellite data. The Degree Heating Week (DHW) metric was used as a 
measure of heat stress and calculated using version 3.1 of the NOAA Coral Reef Watch dataset at 5 
km spatial resolution (Liu et al. 2014). The conventional DHW metric accumulates SST anomalies 
exceeding 1°C above the long-term maximum of the monthly mean (MMM) climatology (hereafter 
DHW1C). To assess the potential effect of low-magnitude heat stress, we also computed DHW with 
the same MMM climatology, but without the 1°C filter (hereafter DHW0C; van Hooidonk & Huber 
2009). For any given heat stress event, DHW0C is greater than DHW1C as it includes contributions 
when SST exceeds the MMM by less than 1°C. We compared temperature measurements between 
remote sensing satellite and in situ logger data (present at seven sites) to assess the robustness of our 
heat stress measurements and long-term environmental parameters obtained from satellite data. Our 
analysis showed that the satellite data provided robust approximations of in situ thermal conditions 
(site-specific Pearson’s correlation coefficients between satellite and logger were between 0.88 and 
0.92, with all p-values < 0.001; Fig. 4.6; Table 4.3). 
 
Long-term environmental parameters derived from remote sensing satellite data included long-term 
means of the hottest month of each year, and annual variability in thermal conditions and solar 
irradiance. These parameters were selected based on experimental and in situ evidence in the literature 
that showed their direct influence on bleaching severity (Lesser et al. 1990; Hoegh-Guldberg 1999; 
Brown et al. 2002; McClanahan et al. 2005). Long-term mean water temperature of the hottest month 
of each year between 1985 and 2015 (hereafter SSTLTMAX) was used as a measure of the upper-bound 
thermal conditions at each site. Using the same sea surface temperature (SST) data, variability in 
thermal conditions (hereafter SSTVAR) was calculated as the long-term mean of the standard deviation 
of annual SST. Further, we calculated annual variation in solar irradiance (hereafter PARZVAR) as the 
long-term mean of the standard deviation of annual photosynthetically active radiation (PAR) 
between 2002 and 2015. The amount of PAR reaching the benthos decreases with depth and with 
increasing turbidity (Read et al. 2015), and we adjusted the PAR values at each site accordingly (i.e. 
PARZ; Pierson et al. 2008; Eq. 3);  TUVW = TUV> ∗ $(;XYZ>	∗	[)	(Eq. 3) 
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where PAR0 is PAR on the surface, K490 is the diffuse attenuation coefficient (a measure of turbidity), 
and Z is the survey depth at each site. SSTVAR and PARZVAR are particularly relevant for high-latitude 
reefs because the monthly and seasonal fluctuations of these parameters are greater in high-latitude 
regions than most locations in the tropics (Malcolm et al. 2011; Beger et al. 2014; Sommer et al. 
2018). SSTLTMAX and SSTVAR were calculated using version 3.1 of the NOAA Coral Reef Watch 
dataset at 5 km spatial resolution (Liu et al. 2014). PAR and K490 data were obtained from the Global 
Moderate Resolution Imaging Spectroradiometer (MODIS) Aqua Satellite products at 4 km 
resolution (Parkinson 2003). 
 
4.2.3 Data analyses 
4.2.3.1 Assemblage-scale bleaching response 
Before examining the effects of environmental parameters and taxonomic composition on 
assemblage-scale bleaching responses, we first checked for multicollinearity of environmental 
parameters using Pearson’s correlation coefficient and variance inflation factor (VIF) with cut-offs 
of r = ±0.65 and VIF = 2, respectively (Craney & Surles 2002; Gordon 2015). DHW1C showed a 
higher VIF value and larger Pearson’s correlation coefficients with other environmental variables 
than those exhibited by DHW0C. Therefore, DHW0C was used in all our models (Fig. 4.6; Table 4.4). 
Subsequently, we evaluated a variety of variable combinations using the widely applicable 
information criterion (WAIC) and leave-one-out cross-validation (LOO) to select the final model 
(Table 4.5; Vehtari et al. 2017). The final model included DHW0C, SSTLTMAX, SSTVAR, and PARZVAR 
as independent environmental parameters. VIF and model selection criteria were computed using the 
‘usdm’ (Naimi et al. 2014) and ‘loo’ (Vehtari et al. 2017) packages. All modelling and analyses in 
this study were conducted in R (R Core Team 2018).  
 
We used hierarchical Bayesian generalised linear models with student’s t-distribution to assess the 
effects of heat stress, long-term environmental parameters, and the relative abundance of each taxon 
in an assemblage on regional assemblage-scale (SSI) bleaching responses. To account for spatial 
autocorrelation stemming from geographic clustering of survey sites, survey site location was 
included as a random effect after categorisation into seven groups based on geographic proximity and 
shelf position: Inner Moreton Bay, Outer Moreton Bay, Northern New South Wales, Inshore Solitary 
Islands, Mid-shelf Solitary Islands, Offshore Solitary Islands, and Central New South Wales (see 
Table 4.6 for detailed site information). Models were executed in Stan (Carpenter et al. 2017) with 
weakly informative normal priors assigned for beta parameters and gamma priors for degrees of 
freedom. All Stan models were called from R using the ‘rstan’ package (Stan Development Team 
2018). Each model was run with four chains of 20,000 iterations; the first 10,000 iterations were 
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discarded as warm-up, and all subsequent iterations were sampled. We examined all chains for model 
convergence, the adequacy of warm-up, and autocorrelation (Fig. 4.7; Fig. 4.8). The Gelman-Rubin 
diagnostic (V^) compares the variance of each chain to the compiled variance of all chains, and values 
under 1.001 are desirable to ensure appropriate chain convergence (Gelman & Shirley 2011). V^ 
values for all parameters of the assemblage-scale response models were equal to or below 1. Model 
fits were summarised using the highest posterior density (HPD) interval as the credible interval, and 
median point estimates for all chains were computed.  
 
4.2.3.2 Taxon-specific bleaching responses 
Taxonomic variability in overall bleaching severity across our survey sites was tested by comparing 
the bleaching index (BI) of the five most abundant genera (Acropora, Goniastrea, Pocillopora, 
Porites, and Turbinaria) using an analysis of variance (ANOVA) and Tukey’s post-hoc test. We also 
used generalised additive models (GAM) to test whether the taxon-specific BI was linked to the 
relative proportion of ‘recently dead’ colonies (i.e. immediate mortality). Goniastrea and Turbinaria 
were excluded from the mortality analysis as they suffered no or negligible mortality (Goniastrea: no 
mortality; Turbinaria: one colony mortality across all survey sites). GAMs were run using the ‘mgcv’ 
package in R (Wood 2011). 
 
The influence of heat stress and long-term environmental parameters on the taxon-specific bleaching 
index (BI) was examined using a hierarchical Bayesian beta regression model with logit link. The 
taxon-specific response model was restricted to the same five most abundant genera and executed in 
Stan (Carpenter et al. 2017), with weakly informative normal priors assigned for beta parameters and 
gamma priors for the dispersion parameter. In addition to the geographic group random effect in the 
assemblage-scale models (Table 4.6), survey site locations were included as a second random effect 
nested in geographic group to account for survey replicates within the same site. The taxon-specific 
BI values were transformed using a data range compression method (Smithson & Verkuilen 2006) to 
preserve crucial information in zero (no bleaching) values. The taxon-specific response model was 
run with the same number of chains, iterations, and warm-up as the assemblage-scale response models 
(model diagnostics – Fig. 4.9). V^ values for all parameters of the taxon-specific response model were 
equal to or below 1. 
 
4.2.3.3 Inferring Bayesian results 
Estimated model coefficients (b coefficients) indicate the modelled effect of a given predictor on 
bleaching severity. Positive and negative b coefficients suggest corresponding strength of positive or 
negative correlation between a given predictor variable (environmental parameter, relative abundance 
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of taxa) and the response variable (bleaching severity). The HPD intervals reflect the distribution of 
b coefficients (i.e. distribution of modelled effects of a predictor on bleaching severity) that is 
supported by the data. A high precision of b coefficients leads to a high probability density and narrow 
posterior distribution of b coefficients, whereas low precision of b coefficients results in low 
probability density and wide posterior distribution of b coefficients.  
 
4.2.3.4 Spatial patterns of coral bleaching impacts 
To examine spatial patterns of taxon-specific bleaching severity and their subsequent impacts on local 
assemblage structures, we examined the correlation between taxon-specific bleaching severity of the 
five most abundant genera and latitude, as well as the correlation between their relative abundances 
and latitude using Pearson’s correlation coefficient. The Coffs Harbour region has the most extensive 
high-latitude coral assemblages along the east coast of Australia, whereas assemblages elsewhere in 
the region are generally more patchy in their distribution with considerably lower coral cover (Fig. 
4.1; Harriott et al. 1994; Harriott & Banks 2002; Dalton & Roff 2013). To examine whether the 
disproportionate concentration of survey sites near Coffs Harbour skewed spatial patterns of 
bleaching severity and assemblage compositions, we conducted a sensitivity test. A random number 
of survey replicates were selected from the survey sites near Coffs Harbour and were combined with 
survey replicates from other sites. Subsequently, these combined site datasets were used to test 
correlations between taxon-specific bleaching index (BI) of the five most abundant genera and 
latitude, as well as their relative abundances and latitude. This process was repeated 1,000 times and 
summary statistics of the iterations were used to infer statistical significance of the correlations 
between taxon-specific bleaching severity and latitude, and between relative abundance and latitude.  
 
4.3 Results 
4.3.1 Assemblage-scale bleaching response 
The environmental parameters explored here did not capture the observed differences in assemblage-
scale bleaching severity (Site susceptibility index – SSI; Fig. 4.2a; Table 4.7). In particular, estimated 
model coefficients for all environmental parameters were centred near zero with wide posterior 
density intervals, indicating that these parameters were poorly associated with the patterns of 
assemblage-scale bleaching responses. Model residuals also showed no gradient pattern between all 
bivariate environmental variable combinations, indicating that two-way interactive effects between 
tested environmental variables also were unrelated to assemblage-scale bleaching severity (Fig. 4.10). 
In contrast, the variation in taxonomic composition among assemblages was linked to the site 
susceptibility index (SSI). The relative abundance of Pocillopora, in particular, was strongly 
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associated with SSI (Fig. 4.2b; Table 4.8). SSI was higher at sites where Pocillopora was more 
abundant. Posterior density intervals of b coefficients for other genera, including regionally common 
Acropora, Goniastrea, Porites, and Turbinaria, were wide and crossed zero, indicating an unlikely 
association between the relative abundance of these genera and assemblage-scale bleaching severity. 
 
 
Figure 4.2. The effects of (a) environmental variables and (b) taxonomic composition on assemblage-
scale bleaching severity. Points indicate the median of the 95% highest posterior density (HPD) 
intervals of b coefficients, and horizontal lines indicate the 95% HPD intervals. Statistical 
significance is inferred where the 95% HPD interval does not intersect 0 (symbol coloured in red). A 
positive b coefficient represents a positive association and a negative b coefficient indicates a 
negative association between assemblage-scale bleaching severity (SSI) and (a) an environmental 
variable or (b) relative abundance of a genus. The genera annotated with an asterisk have undergone 
a recent taxonomic revision (Table 4.1). 
 
4.3.2 Taxon-specific bleaching responses 
Taxon-specific bleaching severity and immediate mortality were strikingly different among the five 
most abundant genera (Fig. 4.3; Table 4.9; Table 4.10). Among the five most abundant genera, 
Pocillopora and Porites were significantly more susceptible to bleaching than Acropora, Goniastrea, 
and Turbinaria (Fig. 4.3a; Table 4.9). Despite the similarity in the bleaching index (BI) values of the 
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two severely impacted genera, they differed in patterns of mortality; mortality rose as BI increased 
for Pocillopora, whereas mortality and BI were not correlated for Porites (Fig. 4.3d; Fig. 4.3e; Table 
4.10). Acropora, Goniastrea, and Turbinaria also had similar degrees of bleaching to one another, 
and exhibited little or no bleaching (Fig. 4.3a; Table 4.9) or mortality (Fig. 4.3b; Fig. 4.3c; Fig. 4.3f; 
Table 4.10).  
 
Figure 4.3. Intergeneric variability in (a) bleaching index (BI) and (b-f) the relationship between 
bleaching index (BI) and immediate mortality for Acropora, Goniastrea*, Pocillopora, Porites, and 
Turbinaria. The genera in (a) are grouped based on statistical similarity in bleaching index (brackets 
A and B). The box plots illustrate interquartile ranges of BI for each genus, whiskers indicate 
minimum and maximum values not exceeding 1.5 times below and above the first and third quartiles 
(i.e. Tukey’s boxplot) and dots indicate outliers. (b-f) Each dot represents the mean BI and immediate 
mortality for the taxon at each of the survey sites. Horizontal and vertical lines represent 95% 
confidence intervals for the mean values. Splines were estimated using generalised additive models 
with only significant relationships shown, and the shaded areas represent 95% confidence intervals 
(Table 4.10). Note the figures (b-f) are on different y-axis scales. 
The taxon-specific bleaching severity (BI) was associated with environmental predictors, yet the 
specific predictors that affected bleaching severity responses differed among genera (Fig. 4.4; Table 
4.11). Bleaching worsened with increasing heat stress (DHW) for Porites (Fig. 4.4a), whereas 
Pocillopora bleached more at sites where water temperature was historically cooler (SSTLTMAX; Fig. 
4.4b), or experienced higher fluctuations in annual solar irradiance (PARZVAR; Fig. 4.4d). The 
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bleaching severities of Pocillopora and Porites were not linked to the annual variation in historical 
water temperature (SSTVAR; Fig. 4.4c). Contrary to the clear associations between bleaching severity 
and environmental parameters found among Pocillopora and Porites, bleaching severities of 
Acropora, Goniastrea, and Turbinaria were not correlated with any of the examined environmental 
parameters. Overall absolute model residuals were low for Acropora, Goniastrea, and Turbinaria, 
whereas Pocillopora and Porites showed considerably higher absolute model residuals without a 
notable pattern between all bivariate environmental variable combinations (Figure S6). 
 
 
Figure 4.4. The effect of environmental variables on taxon-specific bleaching severity for: (a) Degree 
Heating Weeks (DHW0C), (b) long-term mean water temperature of hottest month of each year 
(SSTLTMAX), (c) long-term mean of annual fluctuations in water temperature (SSTVAR), and (d) long-
term mean of annual fluctuation in solar irradiance (PARZVAR). Points indicate the median of the 
95% highest posterior density (HPD) intervals of b coefficients, and lines indicate the 95% HPD 
intervals. Statistical significance is noted by symbol coloured in red. A positive b coefficient 
represents a positive association and a negative b coefficient indicates a negative association between 
an environmental variable and taxon-specific bleaching severity (BI). 
 
4.3.3 Spatial patterns of bleaching severity 
The geographic pattern in bleaching severity (BI) and the relative effect of bleaching on local 
populations differed among genera (Fig. 4.5; Fig. 4.11; Fig. 4.12; Fig. 4.13; Fig. 4.14; Fig. 4.15; Table 
4.12). Overall, the severity of bleaching response for the genus Acropora was minimal and did not 
vary across latitude (Table 4.12; mean r = -0.26, R2 = 0.07, p = 0.12), while the relative proportion of 
Acropora in assemblages declined toward higher latitudes (Fig. 4.5a; mean r = -0.55, R2 = 0.3, p < 
0.01). Bleaching severity of Goniastrea declined toward higher latitudes (Fig. 4.5b; mean r = -0.54, 
R2 = 0.29, p < 0.01), without a corresponding change in relative abundance (Fig. 4.5a). Bleaching 
was also less severe for Turbinaria toward higher latitudes (Fig. 4.5d; mean r = -0.46, R2 = 0.21, p < 
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0.01), yet its relative contribution to the total species assemblage increased with latitude (Fig. 4.5a; 
mean r = 0.56, R2 = 0.32, p < 0.01). In contrast, bleaching severity for Pocillopora increased with 
latitude (Fig. 4.5c; mean r = 0.51, R2 = 0.27, p < 0.01), without a significant change in its relative 
abundance across latitude (Fig. 4.5a; mean r = 0.23, R2 = 0.06, p = 0.12). There was no correlation 
between bleaching severity (Table 4.12; mean r = 0.002, R2 = 0.004, p = 0.85) or relative abundance 
and latitude for Porites (Fig. 4.5a; mean r = 0.32, R2 = 0.12, p = 0.08). 
 
 
Figure 4.5. (a) The relative contribution of the five most abundant genera (Acropora, Goniastrea*, 
Pocillopora, Porites, and Turbinaria) and all remaining genera (Others) to assemblage composition 
across latitude. Sites are grouped based on geographic proximity for graphical purposes. Direct 
correlation between relative abundance and latitude can be found in Table 4.12. (b)-(d) The bleaching 
index (BI) for three of the five most abundant genera across latitude. Each point represents the mean 
BI for a survey site. Vertical lines are 95% confidence intervals for the mean BI values. The slope of 
regressions indicates the relationship between latitude and BI. Only statistically significant 
relationships are depicted. 
 
4.4 Discussion  
Analysis of the spatial and taxonomic patterns of coral bleaching allows us to identify specific coral 
taxa or assemblages vulnerable to climate change and to predict future configurations of coral 
assemblages (Loya et al. 2001; van Woesik et al.  2011; Hughes et al. 2018a; Hughes et al. 2018b). 
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Our findings highlight that in high-latitude eastern Australia, assemblage-scale patterns of coral 
bleaching are heavily influenced by local abundance of a regionally common genus sensitive to heat 
stress, Pocillopora, instead of environmental gradients. Further, the clear distinction in taxon-specific 
bleaching severity and immediate mortality, coupled with spatial patterns of taxon-specific bleaching 
responses and abundances, may lead to simplification of assemblage structures and gradual 
homogenisation of reef functions. 
 
4.4.1 The importance of taxonomic composition in assemblage-scale bleaching responses 
Bleaching among the high-latitude coral assemblages along eastern Australia was initiated by record 
heat stress in early 2016 (Fig. 4.14). Nevertheless, regional variability in the severity of assemblage-
scale bleaching responses (SSI – site susceptibility index) was poorly explained by cumulative heat 
stress (Degree Heating Weeks) and long-term environmental conditions. While remote sensing 
satellite data provided robust estimates of the regional variation in water temperature (Fig. 4.6; Table 
4.3), they were unlikely to capture fine temporal- and spatial-scale variation in environmental 
conditions due to their coarser measurement scales than in situ loggers (e.g. Castillo & Lima 2010). 
It is plausible that these fine temporal- and spatial-scale environmental parameters might include 
predictors that are better able to explain the observed patterns of assemblage-scale bleaching severity, 
such as local high-frequency temperature variability (Safaie et al. 2018).  
 
Interestingly, the severity of assemblage-scale bleaching responses was associated with the relative 
abundance of Pocillopora, a genus that is highly susceptible to heat stress (Fig. 4.3; Marshall & Baird 
2000; Loya et al. 2001; McClanahan et al. 2004; van Woesik et al. 2011). By definition, assemblage-
scale bleaching metrics (e.g. SSI, Eq. 2) are influenced by both species abundances and their 
respective bleaching responses. Severe bleaching of a single, locally dominant species in an 
assemblage can produce a comparable SSI value (or an assemblage-scale percentage of bleached 
corals) to another assemblage where many different species experienced mild bleaching. As such, 
assemblage-scale metrics can be difficult to interpret or may poorly explain the bleaching dynamics 
for coral assemblages characterised by high variation in community structure. The close linkage 
between the abundance of bleaching-susceptible taxa and assemblage-scale bleaching severity thus 
highlights the limitations of assemblage-scale bleaching metrics and supports the idea that 
assessments of bleaching impact should consider spatial variation in community composition and 
taxon-specific (e.g. species- or genus-specific) bleaching responses (Marshall & Baird 2000; Fitt et 
al. 2001; Safaie et al. 2018). 
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4.4.2 Taxon-specific environmental drivers of bleaching severity responses 
Contrary to the overall lack of association between environmental parameters and assemblage-scale 
bleaching severity (SSI), taxon-specific bleaching (BI) patterns for Porites and Pocillopora showed 
clear linkages to environmental parameters. Interestingly, Porites was the only genus whose 
bleaching severity escalated with heat stress (Fig. 4.4a). Porites species with massive growth forms 
are generally considered to be less sensitive to bleaching (Marshall & Baird 2000; Loya et al. 2001; 
McClanahan et al. 2004), yet encrusting Porites species, such as those abundant along the high-
latitude eastern Australia and at other high-latitude regions, can be vulnerable to heat stress and 
susceptible to bleaching (Dalton & Carroll 2011; van Woesik et al. 2011). On the other hand, patterns 
of bleaching severity for Pocillopora were best explained by long-term environmental conditions. 
Specifically, prior exposure to warm temperature (SSTLTMAX) and low variability in solar irradiance 
(PARZVAR) reduced the severity of bleaching. These patterns are consistent with previous findings, 
in which long-term exposure to higher temperature was linked to a reduction in acute responses to 
heat stress (Brown et al. 2002; Griffin et al. 2006; Woolsey et al. 2015; Brown & Dunne 2016). A 
recent study on Pocillopora also highlighted that experimental transplantation of coral colonies from 
low to high fluctuations in PAR increased the sensitivity of corals to heat stress (Sampayo et al. 2016). 
While previous studies indicated that exposure to fluctuating water temperature might enhance 
thermal tolerance (McClanahan et al. 2007a; Woolsey et al. 2015), we found that fluctuation in annual 
water temperature had little effect on taxon-specific bleaching severity. This lack of correlation 
between fluctuation in water temperature and taxon-specific bleaching severity may be due to the 
narrower range of SSTVAR across our survey sites (< 2.4°C) compared to the previously reported 
experimental threshold for biological responses among regional corals (+4°C; Woolsey et al. 2015).  
 
Patterns of bleaching severity for Acropora, Goniastrea, and Turbinaria were not linked to any of 
the explored environmental parameters. The genus Acropora contains numerous tropical species that 
tend to suffer severe bleaching and mortality during mass bleaching events (Goreau et al. 2000; 
Marshall & Baird 2000; McClanahan et al. 2004; Hughes et al. 2019). However, our findings showed 
that high-latitude Acropora species, such as A. glauca and A. solitaryensis, were resistant to heat 
stress. Low sensitivity to bleaching among high-latitude Acropora spp. has also been reported in other 
parts of the globe, highlighting distinctive bleaching resilience among high-latitude members of this 
genus (Celliers & Schleyer 2002; van Woesik et al. 2011; but see Hongo & Yamano 2013). Overall, 
the variability in taxon-specific bleaching responses under the same environmental conditions 
observed across our study sites supports the notion that mild to moderate bleaching episodes can 
identify locally/regionally resistant (e.g. Goniastrea, Turbinaria, and high-latitude Acropora spp.) 
and vulnerable (e.g. Pocillopora and regional encrusting Porites spp.) taxa (Marshall & Baird 2000; 
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Loya et al. 2001; van Woesik et al. 2011; Hughes et al. 2017; Hughes et al. 2018b). However, the 
distinction between bleaching tolerant and susceptible taxa likely varies in space and with 
environmental conditions, such as local environmental history and microhabitats (Safaie et al. 2018), 
and biological factors, including species identity, traits (Mizerek et al. 2018), and the presence of 
locally adapted genotypes (LaJeunesse et al. 2007; Bay & Palumbi 2014). Long-term studies that 
examine taxon-specific bleaching mechanisms over a broad spatial scale are therefore needed to 
understand shifts in ecosystem dynamics under climate change. 
 
4.4.3 Regional implications of taxonomic variability in bleaching impact and abundance 
Against the backdrop of species migrations (Baird et al. 2012) and tropicalisation of high-latitude 
marine ecosystems (Vergés et al. 2014; Wernberg et al. 2016; Smale et al. 2019; Vergés et al. 2019), 
taxon-specific bleaching, mortality, and spatial abundance patterns have the potential to broadly 
affect ecosystem structure and functioning (Hughes et al. 2003; Pandolfi et al. 2011; Hughes et al. 
2018b; Stuart-Smith et al. 2018). While both Pocillopora and Porites experienced severe bleaching, 
bleaching severity was only linked to immediate mortality of Pocillopora (Fig. 4.3d). Post-bleaching 
mortality data from the Solitary Islands showed that the immediate mortality pattern of Pocillopora 
observed in this study worsened, and Pocillopora suffered significant declines in abundance (Cant et 
al. 2018). In contrast, Turbinaria was the only genus that experienced mild bleaching, was more 
abundant at higher latitudes, and did not suffer severe bleaching or mortality (Fig. 4.3f; Cant et al. 
2018). These patterns suggest that recurrent bleaching and mortality events may lead to increased 
dominance of Turbinaria and declines of Pocillopora on high-latitude reefs, especially if the capacity 
for population recovery is affected by the severity of bleaching (Hughes et al. 2019).  
 
On tropical coral reefs, changes in assemblage composition following disturbance are largely a 
function of other tropical taxa filling gaps in physical space vacated by vulnerable taxa (Stuart-Smith 
et al. 2018). On high-latitude reefs, loss of vulnerable taxa potentially creates opportunities for 
thermally-resilient local/regional taxa and incoming tropical taxa that benefit from warming 
temperatures at high latitudes, thereby introducing new sets of life-history traits to the ecosystem 
(Greenstein & Pandolfi 2008; Beger et al. 2014; Sommer et al. 2018). For example, corals on tropical 
coral reefs exhibit diverse growth forms and create complex three-dimensional frameworks, whereas 
corals on high-latitude reefs tend to have more uniform or less diverse morphologies (Sommer et al. 
2014), generally resulting in structurally less complex coral framework toward higher latitudes 
(DeVantier et al. 2006; Mizerek et al. 2016). Therefore, loss of species in high-latitude assemblages 
and replacement by tropical taxa could not only lead to a change in the assemblage composition, but 
also result in a significant shift in habitat complexity. However, the growth of structurally complex 
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tropical taxa at high-latitudes may be inhibited by chemical conditions increasingly less conducive to 
calcification with climate change (e.g. ocean acidification; van Hooidonk et al. 2014) or by 
oceanographic conditions particularly unfavourable for corals with complex morphologies (e.g. 
strong wave actions; Harriott & Banks 2002). Such conditions may hamper the poleward range 
expansion of tropical corals, in which case, the marked disparity in taxon-specific bleaching severity 
and mortality will likely lead to proliferation of resident bleaching-resistant corals and a 
homogenisation of assemblages, which in turn can impair ecosystem functioning (McKinney & 
Lockwood 1999; Clavel et al. 2011). 
 
4.4.4 Outlook and conclusion 
The resilience of coral reefs to environmental anomalies is rapidly weakening as corals are exposed 
to extreme conditions more frequently, and their capacity to rebound is declining (van Woesik et al. 
2011; van Hooidonk et al. 2013; Heron et al. 2016; Hughes et al. 2019). While high-latitude reefs 
have been considered as potential climate refugia for tropical corals under climate change (Riegl 
2003; Beger et al. 2014; but see Lybolt et al. 2011), our findings suggest that resident high-latitude 
corals are also vulnerable to thermal anomalies, potentially without suitable ex situ climate refugia 
equivalent to those of tropical corals (Harriott & Banks 2002; Schleyer et al. 2018). The levels of heat 
stress measured among subtropical assemblages were relatively low (DHW0C of 4-9°C-weeks) 
compared to those recorded in the tropics during the same time period of 2016 (up to DHW1C of 
12°C-weeks; Hughes et al. 2017). Nonetheless, bleaching was prevalent throughout the region and 
resulted in severe bleaching of two abundant genera, Pocillopora and Porites. This is particularly 
concerning because some representatives of these genera are endemic species (Pocillopora aliciae 
Schmidt-Roach et al. 2013) or rare in the tropics (Porites heronensis Veron 1985). Loss of endemic 
or locally abundant taxa is more than a simple loss of biodiversity as it can undermine ecosystem 
processes (e.g. energy flow), deprive the ecosystem of novel ecological interactions (Bailey et al. 
2006; Gorman et al. 2014; Valiente-Banuet et al. 2015), and incur a critical loss in evolutionary 
history for the taxonomic group (Huang & Roy 2013; Huang & Roy 2015). The degree of changes in 
the ecological functions of high-latitude coral assemblages, and the ability of high-latitude areas to 
act as climate refugia for tropical taxa will depend upon recovery patterns of bleaching-susceptible 
regional taxa, population expansion rates of tropical taxa, the relative strength of competitive 
advantages that resident high-latitude corals possess over the ability of tropical corals to colonise the 
rocky substrates in the subtropics, and the frequency and magnitude of recurrent environmental 
anomalies. Importantly, our mechanistic understanding of coral bleaching, and efforts to predict the 
future of reefs are nullified under extreme and unprecedented thermal conditions (Hughes et al. 2017), 
making the reduction of global warming an urgent priority.  
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Supporting information 
 
Figure 4.6. Pearson’s correlation coefficients between environmental parameters. Abbreviations 
indicate – HS: heat stress, SD: fluctuation, DHW: Degree Heating Weeks, PARZ: solar irradiance at 
survey depth, LT: long-term, MMM: maximum of the monthly mean sea-surface temperature 
climatology. 
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Figure 4.7. Diagnostic plots for assemblage-scale bleaching response model. (a) chain mixing plot: four chains are shown in four colours, and indicate 
good chain mixing. (b) autocorrelation plot: the rapid decline in autocorrelation value indicates that the sampler (No-U-Turn: NUTS) efficiently explored 
the posterior distribution. Each row indicates results from a chain. 
  
 130 
 
Figure 4.8. Diagnostic plots for relative abundance model. (a) chain mixing plot: four chains are shown in four colours, and indicate good chain mixing. 
(b) autocorrelation plot: the rapid decline in autocorrelation value indicates that the sampler (No-U-Turn: NUTS) efficiently explored the posterior 
distribution. Each row indicates results from a chain. 
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Figure 4.9. Diagnostic plots for taxon-specific bleaching response model. (a) chain mixing plot: four chains are shown in four colours, and indicate good 
chain mixing. (b) autocorrelation plot: the rapid decline in autocorrelation value indicates that the sampler (No-U-Turn: NUTS) efficiently explored the 
posterior distribution. Each row indicates results from a chain. Genus is coded numerically: 1 – Acropora, 2 – Goniastrea*, 3 – Pocillopora, 4 – Porites, 
and 5 – Turbinaria. 
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Figure 4.10. Distribution of residuals of assemblage-scale bleaching response model between environmental variable pairs. Each point indicates 
environmental conditions of a site, and colour indicates model residual values. Darker blue indicates a model underestimation of true value, and darker 
red implies a model overestimation of true value. 
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Figure 4.11. Distribution of residuals of taxon-specific bleaching response model between environmental variable pairs for the genus Acropora. Each 
point indicates environmental conditions of a site, and colour indicates model residual values. Darker blue indicates a model underestimation of true 
value, and darker red implies a model overestimation of true value. 
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Figure 4.12. Distribution of residuals of taxon-specific bleaching response model between environmental variable pairs for the genus Goniastrea*. Each 
point indicates environmental conditions of a site, and colour indicates model residual values. Darker blue indicates a model underestimation of true 
value, and darker red implies a model overestimation of true value. 
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Figure 4.13. Distribution of residuals of taxon-specific bleaching response model between environmental variable pairs for the genus Pocillopora. Each 
point indicates environmental conditions of a site, and colour indicates model residual values. Darker blue indicates a model underestimation of true 
value, and darker red implies a model overestimation of true value. 
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Figure 4.14. Distribution of residuals of taxon-specific bleaching response model between environmental variable pairs for the genus Porites. Each point 
indicates environmental conditions of a site, and colour indicates model residual values. Darker blue indicates a model underestimation of true value, 
and darker red implies a model overestimation of true value. 
  
 137 
 
Figure 4.15. Distribution of residuals of taxon-specific bleaching response model between environmental variable pairs for the genus Turbinaria. Each 
point indicates environmental conditions of a site, and colour indicates model residual values. Darker blue indicates a model underestimation of true 
value, and darker red implies a model overestimation of true value. 
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Table 4.1 Changes in nomenclature of regional scleractinian species. 
Nomenclature sensu Veron (2000) Updated nomenclature Reference 
Acanthastrea bowerbanki Homophyllia bowerbanki Arrigoni et al. (2016) 
Acanthastrea hillae Homophyllia bowerbanki Arrigoni et al. (2016) 
Acanthastrea lordhowensis Micromussa lordhowensis Arrigoni et al. (2016) 
Favia spp. Dipsastraea spp. Budd et al. (2012), Huang et al. (2014a) 
Goniastrea australensis Paragoniastrea australensis Huang et al. (2014b) 
Montastrea curta Astrea curta Huang et al. (2014a) 
Montastrea magnistellata Favites magnistellata Huang et al. (2014a) 
Scolymia australis Homophyllia australis Arrigoni et al. (2016) 
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Table 4.2 Overall bleaching severity response of genera that have undergone taxonomic updates. 
Genus in this study Synonymy Mean bleaching index SE of mean bleaching index 
Acanthastrea Acanthastrea, Micromussa 0.023611111 0.016435579 
Dipsastraea Dipsastraea 0.0128125 0.007745546 
Goniastrea Coelastrea, Goniastrea, Paragoniastrea 0.005807835 0.004292299 
Astrea, Favites Astrea, Favites 0.038883735 0.022659201 
All genera combined All genera combined 0.229201821 0.016075453 
 
  
 140 
Table 4.3 Correlation of sea surface temperature (SST) between remote sensing satellite data and in situ logger data. 
Site Pearson's correlation coefficient p value 
North Solitary Island - Anemone Bay 0.921632759 < 0.0001 
North Solitary Island - Elbow Cave 0.906876659 < 0.0001 
South Solitary Island 0.897315734 < 0.0001 
Northwest Solitary Island 0.890037639 < 0.0001 
Southwest Solitary Island 0.889243456 < 0.0001 
Muttonbird Island 0.84501173 < 0.0001 
Julian Rocks 0.884816266 < 0.0001 
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Table 4.4. Multicollinearity test results using variance inflation factor (VIF) and model selection results using widely available information criterion 
(WAIC) and leave-one-out cross validation (LOO) methods. 
Multi-collinearity test (VIF) 
Variables VIF 
With degree heating weeks - no filter 
Degree heating weeks 1.9991834 
Long-term mean hottest month SST 1.65539292 
Long-term SST fluctuation 1.94316457 
Long-term PAR Z fluctuation 1.49067994 
 
With degree heating weeks - 1C filter 
Degree heating weeks - 1C filter 12.6927413 
Long-term mean hottest month SST 12.0326674 
Long-term SST fluctuation 1.77407469 
Long-term PAR Z fluctuation 1.43034764 
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Table 4.5 Model selection results using widely available information criterion (WAIC) and leave-one-out cross validation (LOO) methods. 
Model selection 
Model waic p_waic 
elpd_wa
ic 
elpd_dif
f 
elpd_loo 
se_elpd_l
oo 
p_loo se_p_loo looic se_looic 
Intercept only 
5874.394
93 
1625.635
63 
-
2937.19
75 
-
43.2406
69 
-
2501.37
81 
180.92611
7 
1189.816
24 
179.1327
76 
5002.756
16 
361.8522
34 
DHW 
5730.746
18 
1554.044
41 
-
2865.37
31 
-
29.2135
95 
-
2487.35
1 
175.61428
9 
1176.022
34 
173.8354
65 
4974.702
02 
351.2285
78 
DHW+SSTLT 
5705.266
26 
1541.043
65 
-
2852.63
31 
-
29.4539
04 
-
2487.59
13 
176.58117
2 
1176.001
84 
174.7164
07 
4975.182
63 
353.1623
45 
DHW+SSTSD 
5723.349
94 
1549.876
07 
-
2861.67
5 
-
17.9137
39 
-
2476.05
12 
173.10084
3 
1164.252
25 
171.2217
32 
4952.102
3 
346.2016
87 
DHW+PARZ 
5729.352
12 
1553.322
03 
-
2864.67
61 
-
48.5297
39 
-
2506.66
72 
175.93115
8 
1195.313
12 
174.1348
78 
5013.334
3 
351.8623
15 
DHW+SSTLT+SSTSD 
5720.394
95 
1548.403
72 
-
2860.19
75 
-
44.0945
83 
-
2502.23
2 
180.37322
9 
1190.438
24 
178.4489
19 
5004.463
99 
360.7464
59 
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DHW+SSTLT+PARZ 5739.757 
1557.914
74 
-
2869.87
85 
0 
-
2458.13
74 
172.73756
7 
1146.173
65 
170.8414
85 
4916.274
83 
345.4751
35 
DHW+SSTSD+PARZ 
5690.216
45 
1533.287
81 
-
2845.10
82 
-
44.1988
24 
-
2502.33
62 
176.56246
7 
1190.515
82 
174.6412
19 
5004.672
47 
353.1249
34 
DHW+SSTLT+SSTSD+P
ARZ 
5694.460
04 
1535.331
81 
-2847.23 
-
43.3106
54 
-
2501.44
81 
177.06914
9 
1189.549
86 
175.1338
01 
5002.896
13 
354.1382
97 
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Table 4.6 Geographic information of the survey sites. 
Site Geographic group Survey date Average survey depth (m) Latitude Longitude 
Flinders Reef Outer Moreton Bay 29/4/16 10 -26.97765 153.48412 
Peel Island Inner Moreton Bay 28/4/16 3 -27.4952 153.3327 
Goat Island Inner Moreton Bay 28/4/16 3 -27.5156 153.383 
Myora Reef Inner Moreton Bay 28/4/16 3 -27.472279 153.405833 
Cook Island Northern New South Wales 30/5/16 10 -28.184217 153.603545 
Julian Rocks Northern New South Wales 31/5/16 10 -28.61087 153.62809 
North Solitary Island (Anemone Bay) Offshore Solitary Islands 3/4/16 9 -29.923426 153.388038 
North Solitary Island (Leeward) Offshore Solitary Islands 16/4/16 10 -29.92772 153.38962 
Dougherties Wash Mid-shelf Solitary Islands 19/4/16 12 -29.94498 153.28008 
North Rock Mid-shelf Solitary Islands 16/4/16 10 -29.9734 153.2572 
Surgeons Reef Mid-shelf Solitary Islands 12/4/16 11 -30.00756 153.27049 
Chopper Rocks Mid-shelf Solitary Islands 12/4/16 11 -30.0079 153.25625 
North West Solitary Island Mid-shelf Solitary Islands 14/4/16 6 -30.02006 153.27007 
Woolgoolga Reef Inshore Solitary Islands 13/4/16 9 -30.09374 153.20561 
Woolgoolga Headland Inshore Solitary Islands 13/4/16 6 -30.10816 153.21054 
Groper Island (SWSI) Mid-shelf Solitary Islands 12/4/16 11 -30.15939 153.22572 
40 Acres Reef Mid-shelf Solitary Islands 15/4/16 13 -30.20422 153.21272 
South Solitary Island Offshore Solitary Islands 15/4/16 10 -30.20478 153.26515 
Split Solitary Island Mid-shelf Solitary Islands 2/4/16 12 -30.2391 153.1797 
Split Bommie Mid-shelf Solitary Islands 15/4/16 12 -30.24027 153.19282 
Muttonbird Island Inshore Solitary Islands 22/4/16 5 -30.30372 153.15117 
Black Rock (SW Rocks) Central New South Wales 23/5/16 10 -30.938719 153.099838 
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Table 4.7. Effects of environmental parameters on the assemblage-scale bleaching severity measure. The effects are examined using a hierarchical 
Bayesian generalised mixed-effects model with t-distribution. 
Term Estimate SE 
Lower bound 
credible interval 
95% 
Upper bound 
credible interval 
95% 
Intercept 22.9466137 4.48142303 13.8730162 31.9370121 
Degree heating weeks 0.41452474 0.98691589 -1.4972226 2.35987717 
Long-term mean hottest month SST -0.4451064 0.99371901 -2.3620592 1.54244783 
SST fluctuation -0.3894426 0.98629921 -2.2410654 1.63446197 
Long-term PAR Z fluctuation 0.46089226 0.98551091 -1.4802626 2.39511174 
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Table 4.8. Effects of local species composition on assemblage-scale bleaching severity measure. The effects are examined using a hierarchical Bayesian 
generalised mixed-effects model with t-distribution. Taxonomic updates of the genera noted with asterisks can be found in Table 4.1. 
Term Estimate SE 
Lower bound credible 
interval 95% 
Upper bound credible 
interval 95% 
Acanthastrea* -0.0864456 0.00060299 -0.3362089 0.14035731 
Acropora 0.04121917 0.00044567 -0.1412679 0.20864203 
Cyphastrea 0.19129809 0.00230997 -0.7044184 1.12922148 
Dipsastraea -0.0649657 0.00057384 -0.2992437 0.15659778 
Goniastrea* -0.2006024 0.00076019 -0.5132947 0.08243955 
Goniopora 0.02765515 0.00134525 -0.5031749 0.57363242 
Astrea/Favites -0.0717428 0.00116824 -0.5469681 0.38802972 
Montipora -0.7668138 0.00183466 -1.4129059 0.03296499 
Plesiastrea 0.07757231 0.00109486 -0.3550391 0.51909165 
Pocillopora 0.25019727 0.00056857 0.01241416 0.4721515 
Porites 0.20885608 0.00090435 -0.1404755 0.58029906 
Psammocora 0.17183928 0.00157688 -0.3899548 0.84121324 
Stylophora -0.0842174 0.00092567 -0.4450798 0.28700566 
Turbinaria -0.0904738 0.00060013 -0.3310288 0.13686411 
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Table 4.9. Post-hoc pairwise comparisons of bleaching index between genera pairs using Tukey’s test. Taxonomic updates of the genus noted with an 
asterisk can be found in Table 4.1. 
Comparison Mean difference Low CI High CI Adjusted p 
Goniastrea*-Acropora -0.0158456 -0.2688731 0.23718186 0.99977287 
Pocillopora-Acropora 0.42020809 0.1750487 0.66536747 0.0001126 
Porites-Acropora 0.62099433 0.3504966 0.89149206 < 0.0001 
Turbinaria-Acropora 0.06328609 -0.1855356 0.31210781 0.95125498 
Pocillopora-Goniastrea* 0.43605369 0.21031712 0.66179025 < 0.0001 
Porites-Goniastrea* 0.63683993 0.38381248 0.88986739 < 0.0001 
Turbinaria-Goniastrea* 0.07913169 -0.1505771 0.30884047 0.86587822 
Porites-Pocillopora 0.20078625 -0.0443731 0.44594564 0.15676393 
Turbinaria-Pocillopora -0.356922 -0.5779341 -0.1359099 0.00029056 
Turbinaria-Porites -0.5577082 -0.80653 -0.3088865 < 0.0001 
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Table 4.10 Generalised additive model summary of immediate mortality in response to the severity of taxon-specific bleaching (BI). The models were 
run with Tweedie error. Goniastrea* and Turbinaria are not shown as they showed no or negligible mortality. 
Parametric coefficients Smoothing coefficients 
Variable Estimate SE t value p value Tweedie p Estimated degree of freedom F p-value 
Acropora -1.2127 0.7021 -1.727 0.0881 1.441 1 0.019 0.892 
Pocillopora 1.2107 0.2022 5.987 < 0.001 1.384 2.554 6.817 < 0.001 
Porites -0.2642 0.3566 -0.741 0.461 1.174 1 1.4 0.241 
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Table 4.11. Effects of environmental parameters on taxon-specific bleaching severity. The effects are examined using a hierarchical Bayesian mixed-
effects beta regression with logit link. Taxonomic updates for the genus noted with an asterisk can be found in Table 4.1. 
Term Estimate SE 
Lower bound 
credible interval 
95% 
Upper bound 
credible interval 
95% 
Acropora - Degree heating weeks 0.23210429 0.00196199 -0.5332056 1.01047024 
Goniastrea* - Degree heating weeks -0.0937033 0.00218751 -0.9776854 0.73827002 
Pocillopora - Degree heating weeks -0.0609118 0.00172475 -0.7484273 0.61402897 
Porites - Degree heating weeks 1.27502507 0.00238427 0.32077594 2.19348046 
Turbinaria - Degree heating weeks -0.4133546 0.00205421 -1.2590232 0.35614895 
Acropora - Long-term mean hottest month SST 0.13196769 0.00294965 -1.0105389 1.31360506 
Goniastrea* - Long-term mean hottest month SST 0.4879291 0.00390248 -1.0684948 2.00479411 
Pocillopora - Long-term mean hottest month SST -1.5517722 0.00327212 -2.8173707 -0.2289624 
Porites - Long-term mean hottest month SST 0.31062615 0.00569493 -1.8927603 2.55085114 
Turbinaria - Long-term mean hottest month SST 0.15587043 0.00396841 -1.422564 1.70697526 
Acropora - SST fluctuation -0.0270368 0.0049306 -1.9676368 1.88280509 
Goniastrea* - SST fluctuation 0.02020665 0.00694692 -2.7355778 2.66025706 
Pocillopora - SST fluctuation -0.1924081 0.00699959 -2.9032914 2.54953928 
Porites - SST fluctuation 0.12772571 0.00700104 -2.5964002 2.87422825 
Turbinaria - SST fluctuation 0.03307546 0.00698273 -2.6703518 2.83593417 
Acropora - Long-term PAR Z fluctuation 0.04526317 0.00176451 -0.6441046 0.75339078 
Goniastrea* - Long-term PAR Z fluctuation -0.1803638 0.00169303 -0.8596637 0.47971621 
 150 
Pocillopora - Long-term PAR Z fluctuation 0.89914369 0.00159129 0.25847799 1.52398989 
Porites - Long-term PAR Z fluctuation 0.46628458 0.00175417 -0.2387239 1.14446114 
Turbinaria - Long-term PAR Z fluctuation 0.26461118 0.00167172 -0.4191653 0.9074411 
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Table 4.12.  Spatial patterns of bleaching index and relative abundance of the top five most abundant genera. Pearson's correlation coefficients between 
bleaching index and latitude S, and relative abundance and latitude S. Summary statistics are based on sensitivity analyses described in section 4.2.3.4 
of the manuscript. Taxonomic update for the genus noted with an asterisk can be found in Table 4.1. 
Genus 
Respon
se  
Mean 
correlation 
coefficient 
SE 
correlation 
coefficient 
SD 
correlation 
coefficient 
Mean p-
value 
SE p-
value 
SD p-
value 
Mean R2 SE R2 SD R2 
Acropora BI -0.261691262 0.001536551 0.048590019 0.1183436 0.0047136
3 
0.1490580
69 
0.0708409
46 
0.0007105
81 
0.0224705
55 
Goniastre
a* 
BI -0.538154703 0.001526039 0.048257578 0.0043669
52 
0.0004267
8 
0.0134959
78 
0.2919369
5 
0.0015367
44 
0.0485961
19 
Pocillopo
ra 
BI 0.511562598 0.002095038 0.066250923 0.0005506
28 
0.000042 0.0013398
5 
0.2660810
87 
0.0022496
54 
0.0711403
01 
Porites BI 0.002436549 0.00211283 0.066813537 0.8466593
84 
0.0043290
49 
0.1368965
61 
0.0044655
21 
0.0004587
76 
0.0145077
73 
Turbinari
a 
BI -0.459027924 0.001175294 0.037166068 0.0092628
3 
0.0006887
36 
0.0217797
58 
0.2120865
7 
0.0010160
64 
0.0321307
58 
Acropora Relative 
abundan
ce 
-0.548958853 0.000789857 0.024977467 0.0015857
73 
0.0001320
35 
0.0041753
25 
0.3019790
72 
0.0008417
15 
0.0266173
74 
Goniastre
a* 
Relative 
abundan
ce 
-0.236967672 0.001840946 0.058215825 0.1190392
85 
0.0030705
23 
0.0970984
6 
0.0595393
71 
0.0009944
84 
0.0314483
32 
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Pocillopo
ra 
Relative 
abundan
ce 
0.232359287 0.001475219 0.046650515 0.1226123
64 
0.0024925
23 
0.0788205
09 
0.0561649
33 
0.0007663
95 
0.0242355
28 
Porites Relative 
abundan
ce 
0.324554329 0.00328567 0.103902021 0.0809443
7 
0.0014010
95 
0.0443065
14 
0.1161203
47 
0.0025883
39 
0.0818504
79 
Turbinari
a 
Relative 
abundan
ce 
0.560075464 0.003284377 0.103861108 0.00008 0.00001 0.0001959
43 
0.3244608
68 
0.0040259
84 
0.1273127
84 
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Eq. 4. Hierarchical generalised linear model: the effects of environmental variables on assemblage-
scale severity of bleaching !"	~	%('", )*) '",, = 	./ +	1 234",35367 +	8",, 8,	~	%(0, ):*) 
where i is the number of observations, j is the number of categories in the random effect b, n is the 
number of environmental parameters x, ./ is the intercept, and 2 are coefficients. 
 
 
Eq. 5. Hierarchical generalised linear model: the effect of species composition on assemblage-scale 
severity of bleaching !"	~	%('", )*) '",, = 	./ +	1234",35367 +	12;<",;=;67 +1234",35367 12;<",;=;67 +	8",, 8,	~	%(0, ):*) 
where i is the number of observations, j is the number of categories in the random effect b, n is the 
total number of genus (denoted by x), m is the relative abundance of genus p, ./ is the intercept, and 2 are coefficients. 
 
 
Eq. 6. Hierarchical beta regression model: the effects of environmental variables on taxon-specific 
severity of bleaching !"	~	ℬ('", ?) '",, = 	./ +	1234",35367 +	12;<",;=;67 +1234",35367 12;<",;=;67 +	8",, 8,	~	%(@A, ):*) @A	~	%(0, )B*) 
 
where i is the number of observations, j is the number of categories in the random effect b 
(geographic group), r is the number of categories in the nested random effect s (site identifier), n is 
the total number of genus (denoted by x), m is the number of environmental parameters p, ./ is the 
intercept, and 2 are coefficients. 
  
 154 
 
 
 
 
 
 
 
 
 
 
 
 
Chapter 5 : General Discussion 
  
 155 
Species range represents a network of locations linked by dispersal in which a species’ net birth rate 
exceeds its net death rate (Sexton et al. 2009). The difference between birth and death rates is 
determined by the suitability of species’ inherent traits for the spatially variable environmental 
conditions and biotic interactions, leads to spatial heterogeneity in species abundance, and sets 
boundaries to species ranges (Sagarin & Gaines 2002; Sagarin et al. 2006). While the characteristics 
of species ranges and abundance distributions therein have attracted scientists since the progenitors 
of ecological theories (e.g. Darwin 1859), our current knowledge on species range dynamics requires 
an urgent re-evaluation as climate change and anthropogenic impacts are globally modifying the 
habitability of ecosystems for many species (Chase & Leibold 2003; Pearson & Dawson 2003; Araujo 
& Guisan 2006). 
 
5.1 Variation of species traits from range cores to peripheries 
Climate change and anthropogenic disturbances affect the environment and species that inhabit the 
coral reef ecosystem. The ongoing changes in climatic conditions and escalation of anthropogenic 
disturbances have already led to considerable global degradation of coral reefs (Hughes et al. 2010; 
Pandolfi et al. 2011). The adverse consequences of contemporary threats accentuate the urgent need 
to improve our understanding of the processes that regulate coral species abundance distribution and 
assemblage compositions. Past studies highlighted that trait-mediated responses to spatio-temporal 
fluctuations in environmental conditions produced variability in the taxonomic composition of coral 
assemblages (Dana 1843; Wells 1957; Veron 1995; Hughes et al. 2002; Dornelas et al. 2006; Hughes 
et al. 2012; Sommer et al. 2014; Mizerek et al. 2016; Sommer et al. 2018). These findings provided 
crucial insights into the role of species traits in determining the local and regional diversity of corals. 
However, our knowledge of coral trait expressions and the linkage between traits and species-specific 
responses to a range of environmental conditions remains taxonomically and geographically 
restricted.  
 
For scleractinian corals, the database that contains the most extensive information about coral species 
traits is the Coral Trait Database (https://www.coraltraits.org; Madin et al. 2016). Despite the past 
and ongoing arduous efforts of numerous scientists who constructed the database, missing data plague 
the repository. While the comparison of coral traits on a large geographic scale would provide insights 
into biogeographic similarities and differences in species traits and reveal combinations of traits that 
underlie population maintenance at range cores and peripheries, the use of the Coral Trait Database 
in its current form for trait analyses would likely lead to misleading conclusions given the bias in 
taxonomic coverage of data and numerous missing trait information (Chapter 2). Global databases 
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for other taxonomic groups also contain many missing entries; therefore, data from global databases 
should be handled carefully to avoid misleading inferences in ecological analyses despite the fact that 
these databases provide unique opportunities to tackle central questions in ecology (Yoccoz et al. 
2001; Kéry & Schmid 2004). The alternative phylogeny-informed multiple imputation of missing 
trait entries that I devised and introduced in Chapter 2 reduces the probability and degree of inferential 
errors in any ecological patterns derived using trait datasets. However, this approach is not a panacea 
and should also be used with discretion. In particular, the performance of imputation declines with an 
increasing proportion of missing data and/or with traits that exhibit weak phylogenetic signals. As 
such, local and/or regional studies with phylogenetically conserved traits would benefit the most from 
this approach for many taxonomic groups (e.g. Ding et al. 2013; Denis et al. 2017), yet global studies 
utilising this approach are certainly plausible if the selection of traits includes minimal missing data 
(e.g. Kattge et al. 2011). 
 
Another caveat in large-scale trait analyses, especially those examining functional diversity and 
biogeography, is that the selection of traits in the analyses can lead to biases. This is because the 
selection of traits is by definition key to accurate estimation of functional diversity and correct 
representation of functional biogeography (Laureto et al. 2015). For example, habitat provisioning is 
a critical ecological function that scleractinian corals provide for the inhabitants of coral reef 
ecosystems and is associated with the structural complexity of coral colonies (Friedlander & Parrish 
1998; Syms & Jones 2000; Graham et al. 2006). In this particular example, testing for the diversity 
of, or geographic differences in, habitat provisioning should thus include only the traits that are 
directly associated with structural complexity of a species or morphotypes within the species, such as 
colony shape factor (Madin & Connolly 2006) and size (Alvarez-Filip et al. 2013). A choice of life-
history traits without stringent criteria leads to spurious patterns of physiological and ecological 
functions and should be avoided (Laureto et al. 2015). Further measurements of species traits, use of 
imputation approaches to complement trait databases, appropriate choice of functional traits, and 
investigations into biogeographic similarities and differences in species traits will allow us to quantify 
responses of traits that govern fitness to a variety of environmental conditions. This information can 
be subsequently used to infer species niche space and predict changes in the species niche space under 
climate change. 
 
5.2 Range modification strategies in warming oceans 
Climate change impairs the habitability of ecosystems for many species, and leads to alterations in 
species abundance distribution (Parmesan 2006; Sexton et al. 2009). In both historical and 
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contemporary records, three modes summarise species responses to climate change: migration, 
adaptation, and extirpation (Aitken et al. 2008; Nogues-Bravo et al. 2018). These responses vary 
widely among species, yet most species suffer population declines under climate change and only 
small fractions of taxonomic groups thrive (McKinney & Lockwood 1999; Clavel et al. 2011). My 
findings in Chapter 3 similarly suggest that current habitats for many coral species will likely become 
less suitable for population maintenance under climate change, and the unfavourable sets of 
environmental conditions may require corals to track climate velocity or adapt to new environmental 
conditions. Few other coral species may be able to flourish at current localities despite the change in 
environmental conditions, yet they will need to manage new biotic interactions stemming from the 
poleward expansion of tropical vagrants under climate change.  
 
All in all, future coral assemblages are likely to become increasingly non-analogous to contemporary 
assemblages. In particular, tropical reefs will likely be dominated by species that can adapt to new 
environmental conditions. Most probable adaptive mechanisms include adopting thermally-tolerant 
types of endosymbiotic dinoflagellates (e.g. Berkelmans & van Oppen 2006; Sampayo et al. 2008) 
and dispersing thermally-tolerant genotypes among populations (e.g. Bay & Palumbi 2014; Palumbi 
et al. 2014; Dixon et al. 2015). Nevertheless, the ability for species to employ these mechanisms will 
depend on the taxonomic specificity of the coral-symbiont partnership (LaJeunesse et al. 2010; 
Thornhill et al. 2014; LaJeunesse et al. 2018) and taxon-specific evolutionary flexibility (Palumbi et 
al. 2014). New migration into tropical reefs is plausible but less likely, as tropical reefs are located at 
the trailing edge of range spectra for most scleractinian corals (Veron et al. 2015). Coral assemblages 
located at latitudes in today’s tropical-to-temperate transition zone are also likely to undergo 
significant changes in the assemblage composition. The proportions of tropical vagrants in these 
regions will increase as they expand their ranges in poleward directions in response to warmer water 
temperature (e.g. Yamano et al. 2011; Baird et al. 2012). In contrast, the proportion of local or 
regional specialists will decrease at these locations as several of these specialists are low temperature 
specialists as shown in Chapter 3 (e.g. Pocillopora aliciae, Porites heronensis), and thus they will 
likely migrate toward higher latitudes than current localities. Similar to tropical reefs, some regional 
species may adapt to new environmental conditions at current localities in the transition zone and 
subtropical region and vie for space and resources with new vagrants (Donelson et al. 2019). 
Successful initial adaptation or colonisation at the current or newly migrated localities, however, does 
not guarantee long-term survival. Several, if not most of the successful settlers are likely to experience 
critical population declines if thermally-induced severe bleaching events recur at the current intervals 
(e.g. Hughes et al. 2017; Hughes et al. 2018).  
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5.3 The effects of disturbance responses on species range dynamics 
In addition to the overall broad changes in environmental conditions, climate change is shortening 
the intervals between environmental anomalies and amplifying the magnitude of the anomalies (Karl 
& Trenberth 2003; Meehl & Tebaldi 2004; Coumou et al. 2013). The average return time between 
global mass coral bleaching events has already decreased from once every 20 years at the end of the 
last century to under 10 years in the 2010s (Hughes et al. 2018). The degree and frequency of heat 
stress that trigger coral bleaching events are also not uniform across space. Reefs in the Atlantic and 
Middle East regions have experienced more frequent heat stress over larger proportions of the regions 
during the past 30 years compared to the global average (Heron et al. 2016). The spatial bias in the 
degree and frequency of heat stress suggests that the heat stress-induced impairment of environmental 
suitability and its implications for species range dynamics are also heterogeneous across the globe. 
 
Further, the composition of coral assemblages is heterogeneous across the globe (Veron et al. 2015; 
DeVantier & Turak 2017), and corals’ responses to bleaching events differ vastly among species. 
Taxonomic variability in bleaching sensitivity has resulted in the distinction between bleaching 
susceptible ‘losers’ and resistant ‘winners’ (e.g. Marshall & Baird 2000; Loya et al. 2001; van Woesik 
et al. 2011). Both historical and modern records in other ecosystems suggest that similar distinction 
between winners and losers has range modification implications. The ‘winner’ species are likely to 
undergo range shifts or expansions, whereas the ‘loser’ species may experience range contractions or 
extinctions (Erwin 1998; Fisher et al. 2003; Munday 2004; Rooney et al. 2004; Julliard et al. 2006). 
 
The most recent mass bleaching event occurred between 2015 and 2017 in many parts of the globe 
(Hughes et al. 2017; Le Nohaïc et al. 2017; Kennedy et al. 2018). In subtropical eastern Australia, 
overall bleaching susceptibility varied among genera, which clearly distinguished bleaching tolerant 
winners and vulnerable losers (Chapter 4). Post-bleaching mortality data (Cant et al. 2018) showed 
similar initial mortality patterns to the observed bleaching susceptibility patterns reported in Chapter 
4. Coupled with the geographic heterogeneity in assemblage compositions and increasing frequency 
of environmental anomalies, the taxonomic variability in bleaching sensitivity and subsequent 
mortality patterns may alter species range boundaries for bleaching susceptible taxa and assemblage 
structures of high-latitude coral assemblages. Specifically, bleaching tolerant Turbinaria spp. may 
become more dominant by colonising the physical space vacated by bleaching vulnerable Pocillopora 
spp., while the proportion of Pocillopora spp. in the regional species pool may decline continuously. 
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The predicted changes in coral assemblage structures will also lead to the transformation of reef 
functions across latitudes. Among many reef functions that scleractinian corals provide for the coral 
reef ecosystem, the change in habitat provisioning is particularly concerning because the survival of 
numerous coral reef-associated organisms is dependent on the complex habitat structures that reef-
building corals create (Done 1992; Done et al. 1996). I predict that tropical reefs may experience a 
decline in habitat provisioning function as a reduction in species diversity is likely akin to a decrease 
in morphological diversity. Such increase in functional homogenisation can lead to, for example, 
reductions in taxonomic and functional diversity of coral reef-associated fish communities (Graham 
et al. 2006; Wilson et al. 2006; Stuart-Smith et al. 2018) or the impairment of physiological processes 
for macroinvertebrates (Przeslawski et al. 2008). On the other hand, subtropical reefs may see an 
increase in the habitat provisioning function as corals currently inhabiting subtropical reefs tend to 
show horizontal colony morphology and are often morphologically simpler compared to corals 
abundant on tropical reefs, leading to an overall lower rugosity than tropical reefs (DeVantier et al. 
2006; Mizerek et al. 2016). The introduction of tropical vagrants’ diverse growth forms is likely to 
increase overall rugosity of subtropical reefs and boost habitat provisioning for the ecosystem. The 
probability of this change will, however, depend on the tropical vagrants’ ability to calcify in the 
subtropical environmental conditions that are less conducive to calcification (van Hooidonk et al. 
2014) and colonise the mobile substrates in subtropical settings (Harriott & Banks 2002). 
 
In conclusion, the findings in this thesis provide vital insights into the factors that set limits to coral 
species ranges and how these are likely to be affected by climate change. Most importantly, optimal 
range modification strategy will vary among species because the extent of environmental niche space, 
response to global warming scenarios, and vulnerability to coral bleaching differ vastly among 
species. While I provided regional predictions of species range dynamics for scleractinian corals 
under climate change, the methods employed in this thesis are applicable to other taxonomic groups 
and geographic regions. Future research shall also focus on the subjects that are not covered in this 
thesis, such as the impact of biotic interaction changes on assemblage structures at locations that 
experience high rates of immigration and emigration and the gradient in intraspecific fitness over a 
large geographic scale. 
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